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This thesis looks at visual perception through the lens of supervision and data dynamics

across recognition and generation landscapes. Generative and discriminative modeling form im-

portant pillars in computer vision. Depending on the task techniques to better learn and utilize

the data and labels can change. Through this work we investigate different tasks along this land-

scape focusing on different supervision strategies, highlighting pitfalls in current approaches and

propose modified architectures and losses to utilize the data better under different settings.

On the recognition side we start by analyzing Vision Transformers (ViTs) through a com-

prehensive analysis under varied supervision paradigms. We look at a mix of explicit supervision,

contrastive self-supervision, and reconstructive self-supervision by delving into attention mech-

anisms and learned representations. We then look at a more specific case of supervision geared

towards object detection which is called sparse supervision where their are missing annotations.

We propose to utilize self and semi-supervised techniques to solve this task. Finally, we also



explore a discovery style framework with applications on GAN generated image detection. Un-

like sparse supervision discussed earlier, this scenario handles the case where are test time we

have an unknown number of new classes. We were the first work proposing this problem where

instead of just identifying synthetic images, we also try to group them based on their generation

source. The exploration of Generative Adversarial Networks (GANs) in an open-world scenario

uncovers the intricacies of learning with limited supervision for discovery style problems.

On the generation side we delve into different supervision strategies involving decompos-

ing and decoupling representations. In the first work we tackle the problem of paired Image-to-

Image (I2I) translation by decomposing supervision into reconstruction and residuals and high-

light issues with traditional training approaches. We then look at generating talking head videos

through two different kinds of supervision, video and audio. For driving the generation using

a video we look at decoupling representations for the task of few-shot talking-head synthesis

where the supervision is provided using only a few samples (shots). For this task we factorize

the representation into spatial and style components which helps the learning. To supervise the

generation additionally through audio, we look at multimodal supervision for lip-synchronized

talking head generation. For this we incorporate audio and video modalities to synthesize lifelike

talking-heads which can work even in in-the-wild scenarios.

In the last part we showcase two works which link our experiences from generation and

recognition where we explore generative modeling to improve recognition models. The first

work here utilizes the advancements in diffusion based image generation models to improve

recognition models. Given the high fidelity and control of generation which diffusion models

have brought, we utilize synthetic data from these models and create a suitable pipeline to utilize

this data effectively to improve detection and segmentation performance. As a follow up to our



ViT analysis we also propose a new technique to utilize off the shelf pretrained ViTs and gener-

ate high resolution features using a learnt lightweight feature transform. These high resolution

features are especially effective for dense tasks like correspondence, segmentation, detection and

object discovery.
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Chapter 1: Introduction

1.1 Overview

Humans rely on a multitude of experiences, picking up bits of information from various

encounters, using our instincts, and piecing together patterns to understand the world around us.

Our ability to adapt to new scenarios, learn from a handful of examples, or infer missing details

is a testament to the versatility of our learning mechanisms.

David Kolb once noted, “Learning is the process whereby knowledge is created through

the transformation of experience.” This sentiment encapsulates the essence of human learning,

highlighting the transformative nature of experiences in shaping our understanding. Machines,

however, face a different landscape. Teaching them to navigate the world’s imperfections—data

riddled with noise, missing elements, or just a few examples—requires specialized approaches.

In the realm of computer vision, where machines seek to perceive and understand visual content,

these challenges are particularly daunting. Consider the colossal volumes of visual data: moun-

tains of images and videos that are not just tough to label due to their sheer quantity but even

annotating them comes with their own set of issues. Some samples might have labels that aren’t

quite accurate, some might lack any annotations at all, while in other cases there might be very

few samples for the rare categories, making it challenging for machines to learn effectively from

them.
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Figure 1.1: With different data setting that exist across recognition and generation tasks, understanding
and using effective supervision and modeling strategies which account for the setup are important to get
strong representations.

Self-supervised learning, semi-supervised learning, and few-shot learning — are some of

the specialized paradigms designed to help machines deal with these very specific data chal-

lenges. Each of these approaches adapts how machines learn, mimicking in some ways how we,

as humans, adapt to different situations by drawing on our past experiences or making intuitive

leaps. And this is precisely what this thesis explores—the ways in which machines can better

grapple with imperfect data and specialized learning methods across both recognition (where

machines categorize and understand images/videos) and generation (where they create new vi-

sual content) domains within computer vision. Finally, by incorporating our expertise in both

these paradigms, we couple them together to utilize generation to further improve recognition

performance by either generating better features or generating synthetic data. By navigating

these nuances, this work aims to understand and equip machines with better learning strategies,

helping them make sense of the visual world more like us.

We divide and highlight the different topics this thesis covers in terms of the tasks and

problems they deal with below.
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Figure 1.2: Different data and supervision strategies explored for recognition.

1.2 Recognition

We dive into recognition by first analyzing ViTs which have become the defacto backbone

replacing the previously popular convolution neural networks (CNNs). We perform an exten-

sive analysis of Vision Transformers (ViTs) operating under diverse supervision paradigms in

Chapter 2. We look into explicit supervision, evaluating models under fully supervised setups

alongside innovative approaches like CLIP. Additionally, we look at contrastive self-supervision

models such as DINO and MoCo, alongside reconstructive self-supervision methods like BEiT

and MAE. This comprehensive study aims to unveil how distinct supervision techniques shape

ViTs’ behavior, elucidating the adaptability of these models across various learning methodolo-

gies. Expanding our scope, we address sparse supervision, a facet crucial in object detection

scenarios in Chapter 3. Annotations might be missing or incomplete due to occlusion, out of vo-

cabulary instance or missed annotation due to repetitions. Our proposed strategy blends self and

semi-supervised techniques, accompanied by architectural adjustments, safeguarding detector

training from penalizing absent annotations and fortifying the model’s robustness against sparse

data.

Continuing this pursuit, this thesis introduces a pioneering discovery-style framework tai-

lored to identify the source or class of synthetically generated images—an innovative step in
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Figure 1.3: Different data and supervision strategies explored for generation.

open-world scenarios in Chapter 4. Here, test images originate from an unknown array of Gen-

erative Adversarial Networks (GANs) without prior class information. An iterative algorithm

refines features through clustering, effectively improving the features over time. This enables the

identification of images from previously unknown GAN sources, despite the absence of explicit

class information, offering a unified approach within the spectrum of supervision challenges in

visual recognition. Figure 1.2 highlights the main works we look at in this part.

1.3 Generation

Exploring the landscape of generation, our first work in Chapter 5 addresses the chal-

lenges within paired Image-to-Image Translation, where we identify a major issue residing in the

conflicting nature of current losses applied to this task. By decomposing supervision into recon-

struction and residuals, we aim to resolve these conflicts, offering a new yet simple insight that

enhances the realism of output images. This critical change highlights the limitations of tradi-

tional training methods and presents a promising avenue for more realistic image generation by

letting the model learn the multi-modal nature of outputs.

Moving forward we explore two works along the lines of talking head synthesis in Chap-

ter 6. The first looks at few-shot talking-head synthesis, a task where limited supervision is

provided through just a few samples in a few-shot setting. Here, we introduce a new method that
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Figure 1.4: Utilizing generation to improve recognition by generating better features and more data.

disentangles representations into spatial and style components. This approach significantly im-

proves results both qualitatively and quantitatively, demonstrating the usefulness of decoupling

representations while navigating few-shot learning scenarios. This work not only refines the syn-

thesis process but also sets the stage for more effective and adaptable learning from minimal data.

In the next work we also condition our talking heads on audio to maintain lip-synchronization

making it a case of multimodal supervision. Integrating both audio and video modalities, our

method synthesizes remarkably realistic talking-heads. The synthesis achieved here maintains

good quality, enabling seamless alterations in audio or subjects while preserving the integrity

and coherence of generated content. This innovative fusion of audio and visual cues establishes

using diffusion models shows the power of these models for such challenging tasks, reshaping

the landscape of lifelike content generation. Figure 1.3 highlights the main works we look at in

this part.

1.4 Generation for Recognition

Finally, in our venture through multiple tasks across generation and recognition, we explore

how we can use ideas from generation to improve recognition models. This prompts an intriguing

query—can the advanced capabilities of diffusion models be harnessed to enhance recognition

tasks? This question drives our exploration into utilizing grounded diffusion models to generate

object-centric data in Chapter 7. Through our work we show that synthetic data from diffusion

5



models can help improve performance for object detection and segmentation models. Such data

is especially effective in long tailed and low data regimes. Our proposed pipeline offers a modular

approach to generate, filter and utilize synthetic data effectively.

Moreover, we also look back at our study of Vision Transformers (ViTs), particularly the

constraints posed by low-resolution spatial features generated by ViTs. To counter this challenge,

we propose a simple and lightweight technique to utilize self-supervised learning to enrich the

spatial feature resolution of ViTs without requiring training of the ViT model itself in Chap-

ter 8. Our proposed methodology involves employing a simple lightweight network to refine and

amplify the spatial resolution of ViT features by learning to generate higher resolution features

conditioned on the low resolution features and image. This approach shows to be effective in im-

proving performance of tasks using these features while incurring minimal training and inference

computation costs. Figure 1.4 highlights the main works we look at in this part.

To summarize, we start by analyzing different supervision strategies for ViTs in Chapter 2.

This is followed by more specific supervision scenarios for sparse annotation in Chapter 3 and

open world learning in Chapter 4. We then look at different supervision strategies in generative

modeling starting with the task of paired image-to-image translation in Chapter 5. We also look

at two different supervision strategies for talking head synthesis in Chapter 6 where we generate

talking head videos conditioned on videos as well as audio. Finally we present two works to

utilize our experience and intuitions from generative modeling to improve recognition. Chapter 7

looks at providing supervision using synthetic data to improve object detection and segmentation

performance. While Chapter 8 dives into generating high resolution ViT features in an efficient

and cheap manner. At the end in Chapter 9, we discuss some future directions and conclude the

thesis.
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Part I: Data and Supervision Strategies in Recognition
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Chapter 2: Teaching Matters: Investigating the Role of Supervision in Vision

Transformers

The field of Computer Vision has advanced massively in the past decade, largely built on

the backbone of Convolutional Neural Networks (CNNs). More recently, Vision Transformers

(ViTs) [15] have shown the potential to overtake CNNs as the go-to visual processing model.

Prior works have asked the question do ViTs see like CNNs do? [16], but in this work, we ask:

how do ViTs learn under different supervision? Past examinations of ViTs have largely focused

on models trained through full supervision. Instead, we aim to characterize the differences and

similarities of ViTs trained through varying training methods, including self-supervised methods.

Unlike CNNs, the ViT architecture imposes few structural biases to guide the learning of repre-

sentations. This gives them the flexibility to learn diverse information processing strategies, and

through our analyses, we uncover a wide array of ViT behaviors.

There are countless ways to analyze ViTs, so to guide this analysis we choose three major

domains which correspond to the How, What, and Why of ViTs. For the How, we focus on

how ViTs process information through Attention. Multi-Headed Attention (MHA) layers are

arguably the key element of ViTs, and they most distinguish them from CNNs. For the What,

we examine the Features of ViTs, as these are typically what practitioners take away from them.

Finally for the Why, we focus on Downstream Tasks, which are why we care about using ViTs.
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similarity with ViTs trained through masked reconstruction. Why do we care about using ViTs? (Right)
We evaluate ViTs on a variety of global and local tasks and show that the best model and layer vary greatly.
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Our work unveils that a powerful aspect of the ViT architecture is its local-global dual

nature, which plays a role in all three aspects of our analyses. While standard CNNs are restricted

to building representations hierarchically from local to global, in a ViT each token can attend to

information from any other image region at any time. And unlike popular CNN modifications like

Spatial Pyramids [17, 18, 19, 20] and top-down strategies [21, 22, 23], ViTs have the freedom to

decide when and where global information should be integrated. In this study, we show that the

order and the relative ratio of local and global attention in ViTs varies dramatically based on the

method of supervision. We also find clearly different trends in the allocation of attention in the

mid-to-late layers of these networks, as highlighted in Figure 2.2. This local-global dual nature

is also embedded into the structure and features of the ViT, which encodes both local spatial

tokens and a non-local classifier (CLS) token throughout its entire depth. We analyze the features

of ViTs for both the CLS and spatial tokens, and assess how they align with semantics at the

image, object, part, and pixel-level. We perform this analysis at every layer of the ViT to show

the emergence of different levels of semantic information. Finally, we assess ViTs on a number

of local and global downstream tasks.

Overall, our contributions are: [1] A detailed comparison of ViTs trained with six different

methods, including both fully supervised and self-supervised training. [2] A cross-cutting anal-

ysis spanning three major domains: Attention, Features, and Downstream Tasks. [3] Multiple

insights into the inner workings of ViTs to guide future development of ViT variants, training

strategies, and applications.

In addition, we summarize some of our key observations about ViT behavior: [1] The atten-

tion maps of explicitly supervised ViTs devolve into Sparse Repeating Patterns in the mid-to-

late layers, but the quality of features continues to improve in these layers (Section 2.3.1). [2] All
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ViTs studied learn to use Offset Local Attention Heads, suggesting they are fundamentally nec-

essary in ViTs (Section 2.3.2). To the best of our knowledge, no prior work has brought attention

to this phenomenon. [3] ViTs learn to process local and global information in different orders

depending on their method of supervision (Section 2.3.3). [4] All ViTs studied differentiate

salient foreground objects by the early-to-mid layers (Section 2.3.4). [5] Reconstruction-based

self-supervised methods can learn semantically meaningful CLS representations, even when the

CLS token is only a placeholder (Section 2.4.1, 2.4.2). [6] Supervised method’s features are the

most semantically rich, but contrastive self-supervised methods are comparable or even superior

in some cases (Section 2.4.2, 2.4.3). [7] For localized tasks, the best performance often comes

from a mid-to-late layer (Section 2.5.2). [8] There is no single “best” training method or layer

for all downstream tasks (Section 2.5.3).

2.1 Related Work

Previous works have attempted to understand the representation quality for both super-

vised and self-supervised training for Convolutional Neural Networks (CNNs). [24] focuses on

understanding the concepts learned by individual neurons while [25] looks at explaining their

compositionality in the case of supervised networks. Simultaneously, due to the popularity of

self-supervised learning methods [26, 27, 28, 29, 30, 31, 32, 33, 34, 35, 36, 37] multiple works

have analyzed these representations learned from no labels. Under this umbrella, [38, 39] tried

to understand the effect of training data in terms of both the number and type of samples. Some

works [40, 41] analyze the alignment, separability, and uniformity of features while [42] looks

at invariance to augmentations like occlusion, illumination, and viewpoint change in the learned
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representation. [43] looks at the downstream performance of self-supervised networks on fine-

grained tasks. Finally, [44, 45, 46] analyze multiple self-supervised methods and compare their

performance based on representation similarity and downstream task performance over multiple

datasets along with comparisons to supervised methods.

Since the proliferation of ViTs, a number of works have tried to understand and explore the

different properties of the representations learned by these networks. A few works [47, 48, 49]

have analyzed the robustness of ViT features against corruptions, perturbations, distribution

shifts, and adversarial examples while also analyzing the role of self-attention for robustness. [50]

benchmarks different pretrained ViTs as backbones for object detection. [51] provides a theoret-

ical understanding of how MAEs work while [52] analyzes attention using convex duality. [53]

gives insights to train and use ViTs more efficiently. [54] gives a deeper understanding of how

Multi-Headed Attention layers work while comparing and contrasting to how convolution lay-

ers behave in terms of the loss landscapes and low-pass/high-pass filtering. [16] compares fully

supervised ViTs and ResNets in terms of the local and global information encoded at different

depths, the role of skip connections, and the uniformity of representations.

All these prior works either examine the impact of supervision on CNNs or compare CNNs

and ViTs trained with full supervision. Some recent and concurrent works have compared the

properties of differently supervised ViTs, though typically focused on a particular task and only

two methods of supervision at a time. [55] compares the properties of fully supervised and

DINO ViT features in the context of dense feature descriptors, and [56] further compares these

two across several semantic correspondence tasks. [57] compares fully supervised and CLIP ViTs

through feature visualizations. To the best of our knowledge, we present what is to date the broad-

est and the most in-depth comparison of ViTs with varying supervision, including six different
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methods covering three supervision subcategories. Additionally, we propose new attention-based

analysis methods along with evaluations on multiple downstream tasks focused on both local and

global information.

2.2 Experimental Design

2.2.1 A Primer on Vision Transformers

Vision Transformers (ViTs) [15] are adapted from Transformers [58] for the Natural Lan-

guage Processing domain. A ViT consists of an array of tokens, each representing an image

patch. In addition, most ViTs include an extra “classifier” or “CLS” token, which is connected

to the task-specific output layers during training. ViTs use Multi-Headed Attention (MHA) lay-

ers [58], which use a Query-Key-Value system that allows each token to attend to all other tokens

with a variable intensity attention map. This is in stark contrast to the limited receptive fields of

convolutions. These layers are “multi-headed” because they repeat this process multiple times

in parallel, allowing tokens to apply multiple attention strategies concurrently. A ViT archi-

tecture includes multiple blocks, each with one MHA layer followed by a position-wise fully

connected layer. Unlike CNNs, which usually get narrower in deeper layers, ViTs maintain the

same “width” (number of tokens) throughout. There are some transformer variants, like SWiN

transformers [59], that introduce a narrowing width, but for our analyses, we focus on only tra-

ditional ViTs. Specifically, our primary analysis focuses on ViT-Base models with patch size

16 × 16 (ViT-B/16) and input size 224 × 224, which results in a 14 × 14 spatial token array.

ViT-Base has 12 blocks and 12 attention heads per MHA layer.
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2.2.2 Methods of Supervision

Although a large number of ViT training methods have been proposed in a short span of

three years, many of the most popular methods can be loosely categorized into the following

three groups. From each group, we select two representative models for in-depth analysis.

Explicit Supervision. These models are trained with an explicit objective that is defined

either by human annotations or by labels derived from another source, like paired image captions.

For this category, we use a Fully Supervised (FS) ViT pretrained on ImageNet21k and fine-tuned

on ImageNet1k [60, 61], as well as a CLIP ViT [62].

Self-Supervision (Contrastive). Self-supervised learning methods broadly attempt to train

a model through a pretext task that can be directly derived from the input data. Among the more

popular pretext tasks are contrastive learning methods [27, 63] which generally present a model

with multiple augmented views of the same image alongside distractor views of other images.

The model must learn to identify which of the views came from the same image. For this category,

we select DINO [26] and MoCo-v3 [64] which we denote simply as MoCo for the rest of this

paper.

Self-Supervision (Reconstruction). Another popular category of self-supervision is re-

construction methods, which train models to predict the missing content from masked or other-

wise corrupted images. We select MAE [28] and BEiT [29] for this category. Note that MAE has

a separate decoder which is discarded after pretraining, while BEiT’s decoder is learned in the

same ViT. This has a strong impact on the behavior of the later layers of BEiT.
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2.2.3 Datasets

We study the ViTs on multiple datasets and downstream tasks. Unless otherwise specified,

we use ImageNet-50 [65], a subset of ImageNet [66] which narrows the dataset down to 50

representative categories. We sample 100 images per class to create a diverse collection of 5000

images. We additionally use PartImageNet [67] to measure Attention Saliency and part-level

feature purity, as well as COCO [68] to measure object-level feature purity. We use revisited [69]

Oxford [70] (ROxford5k) for evaluating image retrieval, DAVIS [71] for video segmentation, and

SPair-71k [72] for keypoint correspondence.

2.2.4 Proposed Analyses

Our analysis is broadly divided into three domains covering the How, What, and Why of

ViTs:

How ViTs process local/global information (Attention). Do self-attention heads learn to op-

erate in different ways depending on their method of training? Are there distinctive modes of

attention behavior? How does supervision impact the processing order of local and global infor-

mation?

What we take away from ViTs (Features). How do the final and intermediate representations

of a ViT change depending on the method of supervision? Are these trends similar or different

for CLS vs. spatial tokens?

Why we use ViTs (Downstream Tasks). Which forms of supervision are best suited for different

downstream tasks? Which layers of a ViT produce features that are best for different local and

global tasks?
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2.3 Attention Analysis

Multi-Headed Attention layers are one of the defining components of the Transformer ar-

chitecture, and the attention maps they generate can give key insights into what is similar or

different about ViTs trained through different methods. We perform an in-depth examination of

the self-attention maps of ViT-B/16 models at every layer. Through this study, we uncover a

diverse range of attention head behavioral modalities.

2.3.1 Attention Visualizations

We start by examining the attention maps of the CLS tokens of each head and layer. To

gain a comprehensive understanding of each head’s behavior, we compute the average attention

maps over 5000 ImageNet images, as shown in Figure 2.2. For brevity, we display only three

heads per layer.

One of the clearest differences can be seen by comparing the mid-to-final layers. For the

contrastive self-supervised methods, DINO and MoCo, the attention maps tend to be centered

blobs. These heads tend to focus on salient foreground objects, so these blobs simply reflect

object-centered photography bias. For the reconstruction-based methods, MAE and BEiT, we see

a more diverse group of attention maps. This is likely because these methods must reconstruct

all image regions, and thus their attention in the final layers must be more diverse and cover

more of the image. Finally, for the explicitly supervised methods, FS and CLIP, the mid-to-final

layers do not focus on salient object regions and instead focus on Sparse Repeating Patterns

with seemingly no spatial meaning. This occurs for both the CLS tokens and spatial tokens, and

the patterns are repeated across both heads and layers. We hypothesize that these patterns occur
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because the mid-to-late layers are no longer focused on parsing the scene structure, and instead

are using their processing power to generate their final decisions for their respective tasks. This

phenomenon helps to explain why the attention maps of the later layers of fully-supervised ViTs

are poorly suited for segmentation tasks, as was observed by [26].

2.3.2 Emergence of Offset Local Attention Heads

It has been shown that ViTs use a mixture of short-range “local” and long-range “global”

attention heads in any given layer [15, 26]. To gain a better understanding of local attention,

we propose a visualization strategy of Aligned Aggregated Attention Maps (AAAMs). We

extract all spatial token attention maps for 5000 ImageNet images, but before averaging them,

we first realigned them so the current spatial token is always in the center of the array. Studying

these aligned views reveals multiple forms of local attention, shown in Figure 2.3. We find Strict

Local Attention Heads, which attend almost completely to their own position, as well as Soft

Local Attention Heads, which attend to a wider neighborhood around them. We also find Axial

Local Attention Heads, which are elongated to attend to the local neighborhood along one or both

spatial axes.

But perhaps the most noteworthy type of head we observe is the Offset Local Attention

Head. These are heads that attend locally, but to a point or region offset from the current token

in a vertical or horizontal direction. We find instances of Offset Local Attention Heads in all

the models examined, suggesting they are fundamentally necessary for ViTs. To the best of

our knowledge, ours is the first work to draw attention to this phenomenon. We believe that

such heads are absolutely necessary because ViTs, unlike CNNs, do not have an easy built-in
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Figure 2.4: Different methods of supervision lead to different orderings and ratios of local and global
processing. We show the Average Attention Distance of all ViT attention heads organized by layer (left),
and the per-layer averages (right).

way to test if two features occur next to each other with a particular spatial arrangement. In a

CNN, this type of check is naturally embedded into the convolution operator. But in a ViT, there

is no inductive bias to induce such a check. For comparison, Soft Local Attention Heads are

able to identify if a certain feature is near another feature, but they cannot identify their specific

directional arrangement due to their symmetrical attention pattern. The existence of Offset Local

Attention Heads implies one possible path for improvement for the ViT architecture, possibly by

adding a self-attention variant that introduces some implicit directional structure.

2.3.3 Average Attention Distance

We measure the Average Attention Distance [15, 16] of each head to assess if particular

heads have a short-range “local” focus or a long-range “global” focus. This metric is computed

by measuring the distance from each spatial token to all other tokens and taking a weighted
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spatial token attention maps (right).

average using the attention map. We normalize the distances so the token grid is embedded on

a 1 × 1 square. [16] observed that for a well-trained fully-supervised ViT, the early layers have

a mixture of local and global attention heads, while the later layers have only global attention

heads.

Figure 2.4 (left) shows the Average Attention Distances of all heads organized by layer

and model. Like [16], we see that most layers use a mixture of local and global attention heads,

however, we also find that the ordering of local and global processing varies greatly with the

supervision type. FS, CLIP, DINO, and MoCo all use exclusively global attention heads in the

last layers, but the reconstruction-based methods MAE and BEiT use a diverse range of heads

in their later layers. Figure 2.4 (right) compares the combined Average Attention Distances at

the per-layer level. In all models, we observe a greater number of global attention heads in the

initial layers, followed by decreased distances around layers 3-6. This result is again in contrast
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to [16]. The behaviors diverge in the mid-to-late layers. For the models trained with explicit

or contrastive supervision, the Attention Distance trends upward in the later layers. For the

reconstruction-based methods, the Average Attention Distances stay lower. These results show

that, unlike CNNs, ViTs can learn a variable local/global processing order depending on the

training method used.

2.3.4 Attention Alignment with Salient Content

One of the most desirable (and exploitable) features of DINO is that the CLS token atten-

tion maps of the last layer tend to be well-aligned with salient foreground objects [26]. Several

methods propose to use DINO attention maps, feature maps, or a combination of the two to gen-

erate segmentations in a self-supervised manner [73, 74, 75]. We conduct a quantitative analysis

of this property at all layers of the ViTs, both to measure the usefulness of masks and to assess

how early the ViTs differentiate salient object regions. Like [26], we threshold the CLS token

attention masks keeping 60% of the total attention mass. We then compute the Intersection over

Union (IoU) of said masks with ground-truth segmentations from PartImageNet [67]. As an alter-

native to CLS token attention, we also extract masks using the average of spatial token attention

maps. We present results for the single “best” head per layer in Figure 2.5.

We see a clear drop in FS and CLIP mask IoU around the middle of the network, which

directly corresponds to the emergence of the Sparse Repeating Patterns observed in Section 2.3.1.

We also find that the IoUs plateau around layers 3-6 for all networks. This demonstrates that ViT

models already have a solid understanding of foreground/background separation by the middle

layers. While the later attention maps of FS and CLIP are much worse than their self-supervised
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counterparts, their early-to-mid layers are more comparable. We find that MoCo, MAE, and

BEiT can all produce attention maps with IoUs that are comparable with DINO. In addition, we

see that the average of spatial tokens produces maps that are comparable with the CLS token, and

for CLIP the IoU increases greatly in the final layer.

2.4 Feature Analysis

In this section, we directly compare ViT features across models and layers using Centered

Kernel Alignment (CKA) [76, 77]. We also study unsupervised clustering performance to com-

pare global and local semantic information in the learned representations.

2.4.1 Last Block Feature Comparisons

Comparing representations is non-trivial due to varying feature sizes, large feature repre-

sentations, and lack of alignment between them. To overcome this, we use batched Centered
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Kernel Alignment (CKA) [76, 77, 78] which can align features and compute a similarity score.

We compare the last layer outputs for each model.

Figure 2.6 (left) shows that the CLS token representations are usually similar for similar

supervision strategies (explicit, contrastive, reconstruction). The contrastive methods, MoCo and

DINO, show very high similarity to each other, indicating that the CLS token encodes the same

type of information for both these methods. There is also an increased level of similarity between

the explicitly supervised methods, FS and CLIP, and the contrastive methods. Interestingly, we

see that MAE has as high a similarity with DINO and MoCo as it does with BEiT. This result is

surprising because MAE’s CLS token has no explicit training objective or loss, and the way these

approaches are trained is very different. This presents evidence that training autoencoders with a

high masking percentage indeed forces the model to learn image-level semantics.

In Figure 2.6 (right), we look at the similarity of the last-layer spatial token representations.

Unlike the CLS token representations, CLIP and FS have low similarity in their spatial represen-

tations. The self-supervised methods DINO, MAE, and MoCo show a high level of similarity to

each other, and a lower level of similarity to BEiT. MoCo and DINO show the highest similarity

due to their similar kind of self-supervision. Once again, MAE has a high similarity to MoCo

and DINO despite their very different supervision.

2.4.2 Feature Clustering for Global Semantics

Through this analysis, we aim to test how well the learned CLS and spatial token repre-

sentations encode global (image-level) semantic information at every layer. We extract the CLS

token features from the end of each block for 5000 ImageNet images, and we generate k-Means
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cluster assignments with k = 50. We present results for cluster purity measured with respect to

ground truth image labels. For the spatial tokens, we follow the same process except we average-

pool over all positions before clustering. We also compute a random chance score by replacing

the ViT features with Gaussian random noise.

For CLS token features, shown in Figure 2.7 (left), cluster purity improves with depth with

the exception of the last layers of BEiT. This is likely because the last layers of BEiT serve as a

task-specific decoder, unlike MAE, where the decoder is separate and discarded after pretraining.

Unsurprisingly, FS achieves the best cluster purity, followed by CLIP. The contrastive methods,

DINO and MoCo, achieve scores close to the explicitly supervised methods. The reconstruction-

based methods, MAE and BEiT, have the lowest cluster purity, but they are still above random

chance, which again indicates that they do learn to encode some image-level semantic informa-

tion in their CLS tokens. Also, we find that semantic information emerges earlier for DINO and

MoCo. For the spatial token features, shown in Figure 2.7 (right), the cluster purity of FS rises

earlier compared with the FS CLS token. This suggests that the FS spatial tokens do more work

gathering semantic information in the early layers. For all other ViTs, the spatial feature purity is

lower in the final layers, but is comparable in layers 1-7.

2.4.3 Feature Clustering for Local Semantics

We next measure how well the spatial token features differentiate salient image content at

the object or part-level using COCO [68] and PartImageNet [67] respectively. We use a tiling

strategy to extract a denser array of features. Using ground truth segmentation masks, we extract

and average the features of the tokens overlapping with the masks. This generates a collection
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Figure 2.7: Clustering purity analysis with image-level labels in ImageNet-50 for CLS features (left) and
average-pooled spatial token features (right).
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of object-level or part-level features which we cluster just like Section 2.4.2. The results for

object-level features are shown in Figure 2.8 (left). We see that the supervised methods CLIP

and FS have the highest feature purity by far, followed by the contrastive methods DINO and

MoCo. The purity is much lower for the reconstruction methods MAE and BEiT. For part-level

features, shown in Figure 2.8 (right), FS achieves the best purity, but the contrastive methods

are very competitive in this case, surpassing CLIP completely. In addition, while still being the

lowest scoring, MAE and BEiT are much more competitive at the part-level. Like the image-

level purity, the object and part-level feature purity tend to improve with depth, but the purity

peaks early around layers 9 to 11. The peak for BEiT is even earlier, likely due to its integrated

decoder.

2.5 Downstream Task Analysis

Finally, we analyze the performance of these models on downstream tasks that can be

performed directly without any fine-tuning or training. We follow the evaluation protocols of [26,

79] for k-NN classification, image retrieval, and video object segmentation. We also perform

keypoint correspondence as a more local-focused task. Again we compute random chance scores

by replacing all ViT features with Gaussian noise.

2.5.1 Global Tasks

ImageNet Classification. We perform k-Nearest Neighbor (k-NN) image classification

on ImageNet [66] with k = 20. We use the CLS token features from each network and assign

the label for a test sample based on the training set features and labels. As can be seen from
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Figure 2.9: Global (image-level) downstream task analysis using the CLS token. We present k-NN classi-
fier Top-1 Accuracy on ImageNet (left) and image retrieval mAP on ROxford5k (right).

Figure 2.9 (left), FS performs the best as it has been trained to classify the same dataset. DINO

and MoCo follow a similar trend as Section 2.4.2 and better encode semantic information in the

earlier layers. FS and CLIP also follow a similar trend where their performance shoots up in the

last few layers. It is also interesting to see how MAE and BEiT, for which the CLS tokens have

no explicit objective, do better than chance, although MAE is considerably better than BEiT.

Image Retrieval. Similar to k-NN classification, we utilize the CLS token representation

for retrieval. We evaluate on ROxford5k [69] for the Medium (M) split and report the Mean

Average Precision (mAP). The results, shown in Figure 2.9 (right), align closely with those for

k-NN Classification on ImageNet. FS performs the best followed by CLIP and then DINO and

MoCo, and finally by MAE and BEiT with the lowest performance. We hypothesize that the

local/global crops used in DINO training help it perform competitively in these global tasks.
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Figure 2.10: Local (pixel-level) downstream task analysis using the dense spatial token features. We
perform DAVIS video segmentation (left) and SPair-71k keypoint correspondence (right).

2.5.2 Local Tasks

DAVIS Segmentation Propagation. DAVIS Segmentation Propagation is a dense prediction-

based video localized task where frame-by-frame features are used to propagate the first frame

segmentation mask to subsequent frames. Like Section 2.4.3, we use a tiling-based dense feature

extraction strategy. Results are shown in Figure 2.10 (left). The contrastive techniques of DINO

and MoCo perform the best while FS and CLIP, which are more image-level approaches, face

a drop in performance towards the later layers. The local reconstruction-based methods, MAE

and BEiT, are also much more competitive in this task. These results show that for purposes

of constructing highly descriptive local features, contrastive methods like DINO and MoCo and

reconstructive methods like BEiT can surpass features trained with explicit image-level supervi-

sion.

Keypoint Correspondence. We choose keypoint correspondence as an additional local-
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Table 2.1: Best performance for each ViT on each downstream task with the corresponding best layer in
parenthesis.

Model Task Performance (Best Performing Layer)

Dataset ImageNet ROxford5k (M) Davis SPair-71k
Metric Top-1↑ mAP↑ J and F Mean↑ PCK@0.1↑

FS 83.79 (12) 0.45 (12) 0.59 (8) 28.56 (9)
CLIP 75.75 (12) 0.40 (12) 0.60 (9) 30.70 (8)
DINO 76.06 (12) 0.37 (12) 0.60 (12) 28.28 (9)
MoCo 71.59 (12) 0.31 (12) 0.61 (11) 25.85 (9)
MAE 45.19 (12) 0.15 (10) 0.54 (12) 22.74 (11)
BEiT 26.84 (8) 0.14 (8) 0.58 (9) 24.11 (8)
Random 0.10 0.02 0.06 1.32

focused downstream task. Given an image with annotated keypoints, the model must predict the

position of corresponding keypoints in a paired image with similar content. We use the SPair-

71k [72] dataset and follow the evaluation protocol of [55] and report the Percentage of Correct

Keypoints (PCK) [80]. The results are summarized in Figure 2.10 (right). CLIP excels at this

task, closely followed by both FS and DINO. Meanwhile, MoCo, BEiT, and MAE are all very

competitive also. The position of the best layer varies significantly, from 8 for CLIP and BEiT to

11 for MAE.

2.5.3 Summary of Downstream Tasks

We summarize the best results for all downstream tasks in Table 2.1. We denote the best-

performing layers in parenthesis. These results show that ViTs with different supervision methods

[1] peak at different layers, and [2] perform best at different tasks. In image-level tasks like k-NN

classification and retrieval, usually, the last layer works the best. For localized tasks like keypoint

correspondence and video object segmentation, most models’ peak performance happens a few
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layers before the last one. This shows that always picking the last layer output is not optimal.

2.6 Discussion

In this work, we have performed an in-depth comparison of ViTs trained through different

methodologies by examining their attention patterns, learned representations, and downstream

task performance. We review some of the key findings of our analyses. First, different methods

of supervision lead to ViTs that process local and global information in different orders. All ViTs

have heads that align well with salient image content, but for the explicitly supervised models, the

late-layer attention maps change into Sparse Repeating Patterns. In addition, all ViTs examined

have learned to use Offset Local Attention Heads in multiple layers. While explicitly supervised

ViTs have the most semantically rich representations at the image level, contrastive methods are

competitive, and reconstruction-based methods can also learn meaningful CLS token representa-

tions even though said token is a placeholder and has no explicit supervision. Finally, there is no

single best model for all the downstream tasks, and the best layer to extract representations from

also varies greatly by task and model, so one should not simply take the last layer representation.

ViTs have shown a great deal of potential, and we expect they will become more widely used

in the coming years. We hope these insights can help with the future development of losses and

architectures for Vision Transformers.

2.7 Appendix

In our primary results, we focused on comparing ViT-B/16 models trained with different

supervision methods. In this Appendix, we present additional results for a wider range of ViT
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variants including different architecture sizes and patch sizes. This analysis includes 20 models

in total, summarized in Table 2.2. This Appendix is organized following the same three major

domains: Attention, Features, and Downstream Tasks. We summarize all the key findings of our

work in Table 2.3.

2.7.1 Additional Experimental Details

2.7.1.1 ViT Variants Examined

To provide a uniform platform for comparison, our primary results focus on ViT-B/16 mod-

els trained with six methods: Full Supervision, CLIP [62], DINO [26], MoCo-v3 [64], MAE [28],

and BEiT [29]. In this Appendix, we present additional results examining different ViT variants

for the above methods as provided by their original authors. In total, this expanded ViT collec-

tion contains 20 models including instances of ViT Small, Base, Large, and Huge as well as patch

sizes 8, 14, 16, and 32. We continue to process all images at a 224×224 input resolution, meaning

the number of spatial tokens for a given model will vary by patch size, from 47 spatial tokens for

models with patch size 32 up to 784 spatial tokens for patch size 8. Overall, the models evaluated

are summarized in Table 2.2. Note that the MoCo ViT-Small model is a modified variant with 12

heads per layer instead of 6.

2.7.1.2 ViT Training Details

In this section, we briefly outline the training protocols that were used to train each of the

ViTs examined in this work. The CLIP, DINO, MoCo, MAE, and BEiT models are all official

pre-trained models released by their original authors.

32



Table 2.2: Summary of all ViT Variants used in Appendix analysis. *MoCo S/16 uses 12 heads per layer
instead of 6.

Model Layers Heads Spatial Token
Grid Size

FS S/32 12 6 7x7
FS S/16 12 6 14x14
FS B/32 12 12 7x7
FS B/16 12 12 14x14
FS B/8 12 12 28x28
FS L/16 24 16 14x14
CLIP B/32 12 12 7x7
CLIP B/16 12 12 14x14
CLIP L/14 24 16 16x16
DINO S/16 12 6 14x14
DINO S/8 12 6 28x28
DINO B/16 12 12 14x14
DINO B/8 12 12 28x28
MoCo S/16* 12 12 14x14
MoCo B/16 12 12 14x14
MAE B/16 12 12 14x14
MAE L/16 24 16 14x14
MAE H/14 32 16 16x16
BEiT B/16 12 12 14x14
BEiT L/16 24 16 14x14

Fully Supervised (FS). For FS, we work with models from the TIMM repository [61].

The FS models are pretrained on ImageNet21k and fine-tuned on ImageNet1k. The FS models

are the only models in this study that are fine-tuned with ImageNet-1k labels. They are trained

following the augmentation protocols of [60]. Specifically, the ViT-Base and Large models are

trained using a combination of RandAugment [81] and Mixup [82], while the ViT-Small models

use only RandAugment. All FS models also use weight decay [83].

CLIP. The goal of CLIP (Contrastive Language-Image Pre-Training) is to train models

with open-ended supervision provided by paired captions. The learning objective is simply to

match images with their corresponding captions. CLIP models are joint vision and language

models, which include separate encoder networks for the image and text inputs. For our analysis,

we focus only on the properties of the visual encoding network. The authors pretrain the model
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on 400M image-text pairs with a batch size of 32768 and mixed-precision to accelerate training

and reduce memory usage. The only augmentation used is taking a random square crop from the

resized image. They also use a cosine learning rate decay schedule.

MoCo. The Momentum Contrast (MoCo) method trains using contrastive learning with a

momentum encoder, which is an exponential moving average of previous versions of the encoder.

Under the contrastive objective, the encoder must generate representations for query image views

that are similar to corresponding representations of key image views as generated by the momen-

tum encoder. This strategy was proposed for CNNs and extended to ViTs. For MoCo v3 [64],

the authors pretrain the model on ImageNet-1k without labels with a batch size of 4096. They

follow a cosine learning rate decay. They use data augmentations like random resized cropping,

horizontal flipping, color jittering, grayscale conversion, blurring, and solarization. They take

two 224× 224 crops for each image for each iteration.

DINO. The authors of DINO [26] describe their method as a form of self-distillation with

no labels. Their training strategy is based on MoCo [27] and they also use a momentum encoder,

though they instead view their method as a student/teacher knowledge distillation framework.

They pretrain the models on ImageNet-1k without labels with batch
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Table 2.3: A comprehensive summary of the key observations of this work, including both the main paper
and appendix results.

Key Observations Analysis Methods Sections Figures & Tables

The attention maps of explicitly supervised ViTs de-
volve into Sparse Repeating Attention Patterns in the
mid-to-late layers.

Average CLS Attention Maps 2.3.1 Figure 2.2

All ViTs studied learn to use Offset Local Attention
Heads, suggesting they are fundamentally necessary
in ViTs.

Aligned Aggregated Attention Maps 2.3.2 Figure 2.3

ViTs learn to process local and global information in
different orders depending on their method of super-
vision.

Average Attention Distance 2.3.3 Figure 2.4

All ViTs studied differentiate salient foreground ob-
jects by the early-to-mid layers. Attention Saliency IoU 2.3.4 Figure 2.5

Reconstruction-based self-supervised methods can
learn semantically meaningful CLS representations,
even when the CLS token is only a placeholder.

CKA Feature Similarity,
Image Clustering by CLS Features 2.4.1, 2.4.2 Figures 2.6, 2.7

Supervised method’s features are the most semanti-
cally rich, but contrastive self-supervised methods are
comparable or even superior in some cases.

Image-, Object-, and Part-Level
Feature Clustering 2.4.2, 2.4.3 Figures 2.7, 2.8

For localized tasks, the best performance often comes
from a mid-to-late layer. Local Downstream Tasks 2.5.2

Figure 2.10
Table 2.1

There is no single “best” training method or layer for
all downstream tasks. Local & Global Downstream Tasks 2.5.3

Figures 2.9, 2.10
Table 2.1

The positions of maximal activation in the Sparse Re-
peating Attention Patterns vary by input. CLS Attention Maps 2.7.4.1 Figures 2.11-2.13

All models studied learn to use Offset Local Attention
Heads, and some larger models even learn ones with
diagonal offsets.

Aligned Aggregated Attention Maps 2.7.4.1 Figure 2.14

The order of local vs. global information processing
in a ViT is primarily determined by the method of su-
pervision and is largely unaffected by changes in ar-
chitecture and patch size.

Average Attention Distance 2.7.4.2 Figure 2.15

For the expanded ViT collection, again all models dif-
ferentiate salient foreground objects by the early-to-
mid layers.

Attention Saliency IoU 2.7.4.3 Figure 2.16

Explicitly supervised ViTs with patch size 32 are
less impacted by Sparse Repeating Attention Patterns,
suggesting they may be an indication of overfitting.

Averaged CLS Attention Maps 2.7.4.1, 2.7.4.3 Figure 2.17

The last layer spatial representations of self-
supervised methods are similar across changes in ar-
chitecture size and patch size, but this is not consis-
tently true for explicitly supervised methods.

CKA Feature Similarity 2.7.5.2 Figure 2.19

Both MAE and BEiT show X patterns in their depth-
wise feature CKAs, suggesting an encoder/decoder
internal structure.

CKA Feature Similarity 2.7.5.3 Figures 2.21, 2.22

For larger MAE ViTs, the later layers appear to act
more like decoder layers, even thought MAE has a
separate decoder.

CKA Feature Similarity 2.7.5.3 Figure 2.21

Residual connection analysis provides further evi-
dence of a fundamental shift in information process-
ing in the mid-to-late layers of explicitly supervised
ViTs.

Residual Connection Analysis 2.7.5.4 Figure 2.23

BEiT L/16 learns extremely expressive part-level fea-
tures compared with BEiT B/16. Part-Level Feature Clustering 2.7.5.5 Figure 2.27

Larger architectures tend to give better feature quality
and downstream performance.

Feature Clustering, Local &
Global Downstream Tasks 2.7.5.5, 2.7.6.2 Figures 2.24-2.31

ViTs with smaller patch sizes unsurprisingly perform
better at localized downstream tasks. Local Downstream Tasks 2.7.6.2 Figures 2.30, 2.31

Reconstruction-based ViTs show the largest variance
in their performance characteristics on downstream
tasks.

Local & Global Downstream Tasks 2.7.6.2 Figures 2.28-2.31

For the expanded group of ViTs, once again there is
no single “best” training method or layer for all down-
stream tasks.

Local & Global Downstream Tasks 2.7.6.2
Figures 2.28-2.31

Table 2.5
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size 1024. They follow a cosine learning rate and weight decay. They use data augmentations

like color jittering, gaussian blur, and solarization similar to BYOL [84]. Multi-crop [85] is also

used.

MAE. The Masked Autoencoder (MAE) [28] method is a reconstruction-based training

objective where a large portion of input patches/tokens are masked out. The rational of MAE is

that, because a large percentage of the image content is missing, the network must learn repre-

sentations that embed meaningful high-level semantics to reconstruct the missing regions. MAE

uses both an encoder and decoder network, though the decoder is discarded after pretraining.

The authors pretrain the model on ImageNet-1k without labels with a batch size of 4096. They

do not use color jittering, drop path or gradient clipping and only apply random resized crop

augmentation. They use a masking ratio of 0.75 which also improves the efficiency of training

by significantly decreasing the token count in the encoder. They also use a cosine learning rate

decay schedule.

BEiT. BEiT [29] stands for Bidirectional Encoder representation from Image Transformers,

and it is based on BERT [86], a well-known masked reconstruction learning method for NLP. In

contrast to MAE, BEiT does not perform pixel-level reconstruction, but instead uses a tokenizer

to convert image patches into discrete tokens. The BEiT learning objective is to predict the token

values for the masked patches. Unlike MAE, BEiT does not include a separate decoder network.

BEiT is trained with a masking ratio of roughly 0.4, though they also employ a block-masking

method which masks out larger adjacent groups of tokens. They pretrain BEiT on ImageNet-1k

with a batch size of 2048, and they include random resized cropping, horizontal flipping, and

color jittering augmentations. They also utilize cosine learning rate decay. Note that the authors

have provided both BEiT models before and after fine-tuning with ImageNet labels. For our anal-
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ysis, we work with the non-fine-tuned versions, in order to focus on just the effects of the BEiT

pretraining method.

For more details and exact parameters, please refer to the corresponding papers and code-

bases for each of the models.

2.7.2 Random Chance Scores

During our Feature Clustering and Downstream Task Analysis, we present random chance

scores for both the clustering metrics and downstream task scores. To evaluate these scores, we

repeat the task analysis replacing all ViT features with uniformly distributed Gaussian noise. To

be more specific, we generate arrays of Gaussian noise with the exact same dimensions as the

extracted feature arrays of a ViT B/16 model. These random chance scores are heavily influenced

by the underlying data. For example, we see that the random chance score is quite high for the

object-level clustering purity scores on COCO. This can be attributed to the dataset’s highly

imbalanced object distribution. Still, this method of random chance evaluation is informative

as it effectively acts as a baseline model where all feature vectors contain absolutely no useful

information.

2.7.3 Dense Feature Extraction

Certain local tasks, like object segmentation, benefit from having a denser array of high

quality features. For an input image of size 224 × 224, a ViT with patch size 16 produces a

feature array with size 14× 14. This low resolution can be very limiting for localized tasks, like

DAVIS Video Segmentation Propagation. While some of the ViTs evaluated do support variable
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input size, others are hard-coded to operate at a fixed size. To generate a denser feature grid while

also providing a level playing field, we propose a simple dense feature extraction strategy using

image tiling.

We begin by rescaling the smaller image dimension to size 448 (twice the input resolution).

We then scale the larger image dimension to the nearest integer multiple of the model patch size,

in order to preserve the image aspect ratio as best as possible. Finally we slice the image into

non-overlapping tiles of size 224 × 224. Then we extract ViT features for each of the tiles and

concatenate the features together. Unless the image is exactly square, this leaves some leftover

image content along the larger image dimension. For these areas, we take two additional crops

which do overlap other image tiles, but for these areas the features are discarded, while the non-

overlapping features are concatenated to the rest. The final product is a feature array that is twice

as dense as the original while also respecting the original image aspect ratio.

In Table 2.4, we present an ablative analysis comparing the DAVIS Video Segmentation

performance of all models with and without dense feature extraction enabled. All models see a

significant performance boost with dense feature extraction, especially models with patch size

32.

2.7.4 Attention Analysis

2.7.4.1 Expanded Attention Visualizations

Figure 2.11 and Figure 2.12 provide additional visualizations of CLS token attention maps

in ViT-B/16 models for single input images. These visualizations show all layers (rows) and

all heads (columns). From these views, we can see clear signs of the Sparse Repeating Attention
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Table 2.4: Comparison of Dense vs. Normal feature extraction for the DAVIS Video Object Segmentation
task. Results show for the best layer per model, with layer number in parenthesis.

Model J and F Mean

Normal Dense

FS S/32 0.18 (12) 0.39 (9)
FS S/16 0.34 (10) 0.58 (8)
FS B/32 0.17 (10) 0.38 (9)
FS B/16 0.34 (10) 0.59 (8)
FS B/8 0.51 (9) 0.68 (9)
FS L/16 0.34 (19) 0.56 (13)
CLIP B/32 0.19 (12) 0.41 (9)
CLIP B/16 0.35 (9) 0.60 (9)
CLIP L/14 0.38 (17) 0.60 (17)
DINO S/16 0.32 (11) 0.61 (11)
DINO S/8 0.52 (11) 0.73 (12)
DINO B/16 0.32 (12) 0.60 (12)
DINO B/8 0.51 (11) 0.73 (10)
MoCo S/16 0.34 (11) 0.6 (10)
MoCo B/16 0.33 (12) 0.61 (11)
MAE B/16 0.29 (12) 0.54 (12)
MAE L/16 0.31 (24) 0.55 (23)
MAE H/14 0.36 (30) 0.59 (30)
BEiT B/16 0.31 (7) 0.58 (9)
BEiT L/16 0.36 (17) 0.61 (15)

Patterns in the mid-to-late layers of the FS and CLIP models. These patterns are strongly repeated

across the head and layer axes. Note that the specific token positions that give strong activations

are different for the different input images.

Figure 2.13 shows one ViT attention map per model for 10 sample images over a wide

array of ViT variants. The final row displays the average attention over 5000 images. The head

selected is the first head of the final layer of each ViT. For the explicitly supervised models, FS

and CLIP, we again see mainly Sparse Repeating Attention Patterns. However, for the models

with patch size 32, we also see some attention on object-centric regions. This holds true for

FS S/32, FS B/32, and CLIP B/32. Because these models use larger patches, their token grids

are a quarter of the size, making these models four times narrower than the models with patch

size 16. The fact that Sparse Repeating Attention Patterns do not emerge as strongly for these
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smaller models may suggest that they are an indicator of overfitting in ViTs. For the other FS and

CLIP models, we sometimes see faint traces of salient objects highlight in the attention maps,

but this occurs alongside the Sparse Repeating Attention Patterns. For DINO, MoCo, and MAE,

all models produce attention maps that tend to align well with the salient object. For BEiT, the

attention maps do not correlate well. As we previously noted, the final layers of BEiT must serve

as a built-in decoder, which may explain why its final layers are dissimilar to DINO, MoCo, and

MAE.

We find that every model learns instances of Offset Local Attention Heads, and some larger

models even have ones with a diagonal offset. We present one example per model in Figure 2.14,

but be aware that all models have many Offset Local Attention Heads with different offsets. For

the explicitly and contrastively supervised models, Offset Local Attention Heads typically only

occur in the first 3 to 6 layers, but for the reconstruction-based models, MAE and BEiT, we can

find them in deeper layers too.

To provide the reader a complete view of the size and number of attention heads in each

ViT, we present two plots that visualize all layers and all heads of all 20 ViTs. Figure 2.17

presents the average CLS token attention over 5000 sample images. When viewed this way, it

is clear how widespread the Sparse Repeating Activation Patterns are over all of the mid-to-later

layer heads of the FS and CLIP models. For FS S/32 and B/32 we can see clear signs of Sparse

Repeating Activation Patterns, but for CLIP B/32 we instead see far more centered circular blobs,

similar to those we observe in the later layers of DINO and MoCo. We also note that some of

the early-layer heads (layers 1-3) of the DINO models produce semi-repetitive grid-like patterns

that somewhat resemble the Sparse Repeating Attention Patterns seen in CLIP and FS. However,

on closer inspection, we believe these heads represent a different phenomenon. The attention
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patterns in these layers have more variations across heads and layers, and they are not identically

repeated as is seen in the FS and CLIP models. Also, these heads come in the early layers, not the

mid-to-late layers. For this reason, we hypothesize these heads are learning to extract an initial

sparse down-sampling of the image, which would be especially beneficial for the DINO models

with patch size 8 due to their much larger token counts. Finally, Figure 2.18 shows the Aligned

Aggregated Attention Maps for all the spatial tokens. This view highlights the great variety of

local attention heads used in each ViT. These figures are best viewed digitally and in color.

2.7.4.2 Attention Distance for ViT Variants

In Figure 2.15 we present the Average Attention Distances per-layer for the full ViT col-

lection, broken out by supervision type. For our distance computations, we have normalized the

distances such that the token grids are within a 1× 1 square, which allows us to compare models

with different patch sizes and hence different token grid sizes. We see that the trends of local-vs-

global processing order is consistent within supervision groups. For FS, CLIP, DINO, and MoCo

we again see an intial high distance, a dip to lower distances, and an increase again in the later

layers. Meanwhile, for MAE we again see lower attention distance in the later layers. This result

shows that the order of local-vs-global information processing in a ViT is primarily impacted

by the method of supervision and is largely unaffected by changes in architecture size and patch

size.
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Figure 2.11: Visualizing all CLS token attention maps for all heads and all layers in ViT B/16 models
for single input images (left). The FS and CLIP models show Sparse Repeating Attention Patterns in the
mid-to-late layers, where a small group of spatial token positions at seemingly arbitrary positions have
strong and consistent activations shared across both heads and layers. Note that the positions of these
strong repetitive activations are different for the two inputs.
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Figure 2.12: Visualizing all CLS token attention maps for all heads and all layers in ViT B/16 models for
a single input image (left).

5000
Images

S/32 S/16 B/32 B/16Input L/16 B/32 B/16 L/16B/8 S/8 B/16 B/8 S/16S/16 B/16 L/16 H/14 B/16B/16 L/16

Fully Supervised CLIP DINO MoCo MAE BEiT

Figure 2.13: Sample CLS token attention maps for a wide range of ViT variants. For each ViT and
input image, we show the the attention map of the CLS token of the first head of the final layer. The bottom
row shows the averaged activation over 5000 ImageNet images.
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2.7.4.3 Attention Salience for ViT Variants

In this section, we present additional experimental details for our Attentional Saliency

Analysis, followed by results for the full ViT collection. In addition to PartImageNet [67], we

also performed this analysis with COCO [68], however the results are extremely similar for the

two datasets. The PartImageNet dataset contains 11 superclasses, whose members contain similar

part structures (biped, quadruped, car). When sampling from PartImageNet, we take 500 samples

per superclass, or all samples for ones with less than 500. Within superclasses, we evenly sample

from each of the subclasses, or if a subclass is fully sampled we continue to sample evenly from

the remaining classes. This yields a mostly balanced collection of 5294 images. PartImageNet

divides different subclasses into the train, validation, and test partitions, but for our analysis we

work with all three partitions together. For COCO, we simply sample the first 5000 images of the

2017 validation set.

Figure 2.16 summarizes the results for both PartImageNet and COCO with both CLS token

attention and average spatial token attention. The patterns of scores are very similar for PartIm-

ageNet and COCO. We see that the explicitly supervised methods again face a decrease in IoU

in the mid-to-late layers with the emergence of Sparse Repeating Attention Patterns. This is with

the exception of CLIP B/32 which has a much better IoU in the later layers. This result matches

Section 2.7.4.1, where we observed that CLIP B/32 is less impacted by the Sparse Repeating

Attention Patterns. For the other self-supervised methods, we see that the same general trends

hold, usually with slightly higher IoUs from larger models or models with smaller patches.
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2.7.5 Feature Analysis

2.7.5.1 The CKA metric

In our Feature Analysis section, we compare learned representations through Centered Ker-

nel Alignment (CKA) [76, 77], which is able to align and rescale neural features to enable sim-

ilarity measurements. Specifically, we used batched CKA [78], which can be represented as

follows:

CKAbatched =
1
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i )
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where Xi and Yi are the feature representation matrices of the ith batch from the two mod-

els, k is the number of batches and HSIC1 is as follows:

HSIC1(K,L) = 1
n(n−3)

(
tr(K̂L̂) + 1TK̂11TL̂1

(n−1)(n−2)
− 2

n−2
1TK̂L̂1

)
, where K̂ and L̂ are K,L

with diagonals set to 0 and n is the batch size. We use the implementation from Subramanian

[87] for our analysis.

2.7.5.2 Last Layer Comparisons for ViT Variants

In the main paper we analyzed the last layer CKA between the CLS and spatial tokens

across the B/16 models separately. Here we expand our analysis to the wider collection of ViT

variants. As can be seen from Figure 2.19 (left), for the CLS tokens, similar supervision strategies

create similar representations. Groups emerge with DINO and MoCo forming one subset while

MAE and BEiT form another. The FS and CLIP models form their own sub-groups. Some of the
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FS models also show comparatively high similarity with MoCo and DINO models. Again we see

that the MAE CLS representations have a moderate similarity with explicitly and constrastively

supervised methods.

From Figure 2.19 (right), we see that the internal similarity within the FS and CLIP groups

are more fragmented. Meanwhile, the self-supervised models show more consistency, having

higher spatial feature similarity within and between self-supervision methods. DINO and MoCo

show very high similarity amongst themselves due to their similar training methods. The MAE

spatial features also show high similarity to those of DINO and MoCo. BEiT shows compara-

tively high similarity with these other self-supervised methods. FS and CLIP are not too similar

with each other or with the other models with the exception of CLIP B/32 and a few FS models

like B/16 and B/8 which show comparatively high similarity with DINO and MoCo models. This

separation of CLIP and FS can be attributed to the supervision which is applied to only the CLS

token, which may make their final layer spatial representations less consistent.

2.7.5.3 Depth-Wise CKA Analysis

Self-Comparison of ViT B/16 Models. Figure 2.20 shows the CKA plots across multiple layers

of the same model for different training methods. For brevity and consistency we focus on the

ViT B/16 models. For all the CKA plots we use the features from the batch norm layers due to

their well-behaved outputs. We see that the different models show variations in the development

of information. For FS, the final layers have a lower similarity to the earlier layers, as compared

with CLIP, DINO, and MoCo. For MAE, we see two distinct blocks of similarity divided around

the middle layer. For BEiT, we see a clear X pattern, which we analyze more in a subsequent

46



section.

Going deeper into MAEs. Figure 2.21 shows the CKA plot for MAE models Base, Large and

Huge from left to right. It can be seen that as we move from a smaller model to a larger model (for

example from Base to Large), the bottom left quadrant of larger models CKA matches the full

CKA for the smaller model. This indicates that a larger model in this case encodes information in

a similar way as the smaller model in its initial layers but ends up having more specialized later

layers at the end. A similar trend can be observed when going from Large to Huge.

X pattern for MAE and BEiT. As shown in Figure 2.21 and Figure 2.22, MAE and BEiT show

an X-like pattern in their CKA plot (with the exception of MAE B/16). This indicates that the

late layer features of these models are similar to the early layers but not the middle layers. We

hypothesize that this is due to the reconstruction-oriented nature of the training losses, showing

that in their final layers MAE and BEiT are trying to recreate the same local information that is

present in the initial layers. It should be noted that this X-pattern arises for all sizes of BEiT, but

not in MAE B/16. We attribute this to the fact that MAE has a separate decoder module which

is discarded after training, while BEiT does not have a separate decoder. This means that BEiT

needs to inherently learn a decoder which leads to emergence of this X pattern at both sizes. For

MAE, the fact that the X pattern emerges more clearly for the larger ViT variants suggests that the

additional layers of these models start specializing for the task of decoding. This has important

implications for the MAE training method, as it suggests that, for larger MAEs, late layers learn

to act in a more decoder-like way, which may limit the usefulness of these layers for downstream

tasks.
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2.7.5.4 Residual Connection Analysis

Previously works [16] have contrasted CNNs and ViTs by comparing the features prop-

agated through the skip connections and normal connections. We extend this analysis to ViTs

trained with varying supervision techniques. Figure 2.23 shows the CKA between the features

coming from the skip connection (Y-axis) and the normal pathway (X-axis) for the MHA layer of

each block. For CLIP and FS we can see a similar trend, initially the skip connection carries simi-

lar information as the normal path but after a certain point the information it carries becomes very

different (dark regions). This also correlates with the emergence of the Sparse Repeating Patterns

observed in Section 2.7.4.1, providing further evidence that a fundamental shift in information

processing behavior occurs in the mid-to-late layers of explicitly supervised ViTs. For MoCo and

DINO, this shift in behavior does not happen and as the depth increases the skip connections and

normal pathways still have similar representations. MAE is another special case where, given the

reconstruction nature of the loss, at multiple depth locations the normal pathway representation

is similar to the skip connection representation. For BEiT, there is again an X-like pattern, likely

because it needs to start reconstructing the complete input. MAE does not show an X-like pattern,

despite its similar reconstruction objective. Again we theorize that this occurs because MAE has

a separate decoder that is discarded after training.

2.7.5.5 Additional Clustering Analysis

In this section, we expand our feature clustering analysis to the full collection of models.

In addition to Cluster Purity, we also report results for Normalized Mutual Information (NMI)

and Adjusted Random Index (ARI). We see similar trends for all three clustering metrics.

48



Image-Level CLS Feature Clustering Results shown in Figure 2.24. For FS, CLIP, DINO, and

MoCo the same general trends hold. Cluster quality rises faster for DINO and MoCo, but FS

and CLIP catch up rapidly and overtake at the end. For the deeper model variants (FS L/16 and

CLIP L/14) the trends are consistent when plotted against normalized block depth, meaning that

semantic information actually emerges half as quickly. For MAE, the larger model variants lead

to significantly better cluster purity, which also rises earlier as the models get larger. In contrast,

for BEiT cluster purity is generally worse for the larger L/16 model.

Image-Level Spatial Feature Clustering Results shown in Figure 2.25. For FS, CLIP, DINO,

and MoCo the same general trends show, though with larger models tending to do slightly bet-

ter. Interestingly, the spatial features of BEiT L/16 have an increase in cluster purity, which is

surprising as its CLS tokens saw a decrease in the previous section.

Object-Level Spatial Feature Clustering Results shown in Figure 2.26. For FS, CLIP, DINO,

and MoCo again the general trends hold, with larger models or those with smaller patch size

doing slightly better. However, for FS the L/16 variant did worse than B/16. For FS the best

scores are achieved by the B/8 variant. Like the previous section, we see a significant boost for

BEiT L/16 over B/16.

Part-Level Spatial Feature Clustering Results shown in Figure 2.27. For part-level feature

clustering, we previously observed that, for the B/16 models, the self-supervised methods are

much more competitive with the explicitly supervised methods. This trend still holds here, with

BEiT L/16 performing particularly well, seeing a huge boost over BEiT B/16. For all metrics,

BEiT L/16 is on par with the best explicitly and constrastively supervised methods. Larger mod-

els and those with smaller patch size generally provide better part-level feature clusters, with the
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Table 2.5: Best performance for each ViT on each downstream task with the corresponding best layer in
parenthesis.

Model Task Performance (Best Performing Layer)

Dataset
Layers

ImageNet ROxford5k RParis6k DAVIS SPair-71k

Metric Top-1↑ Top-5↑ mAP↑ (M) mAP↑ (H) mAP↑ (M) mAP↑ (H) J Mean↑ F Mean↑ J and F Mean↑ PCK@0.1↑ PCK@0.05↑ PCK@0.01↑

FS S/32 12 74.48 (12) 90.33 (12) 0.33 (12) 0.12 (12) 0.63 (12) 0.38 (12) 0.43 (8) 0.35 (9) 0.39 (9) 15.28 (8) 4.34 (8) 0.13 (8)
FS S/16 12 80.64 (12) 93.71 (12) 0.34 (12) 0.1 (11) 0.66 (12) 0.40 (12) 0.57 (8) 0.60 (9) 0.58 (8) 26.37 (8) 11.62 (8) 0.68 (9)
FS B/32 12 79.08 (12) 92.8 (12) 0.33 (12) 0.12 (12) 0.67 (12) 0.43 (12) 0.42 (9) 0.34 (9) 0.38 (9) 15.49 (9) 4.19 (8) 0.15 (7)
FS B/16 12 83.79 (12) 95.01 (12) 0.45 (12) 0.19 (12) 0.72 (12) 0.51 (12) 0.58 (8) 0.60 (8) 0.59 (8) 28.56 (9) 12.33 (8) 0.63 (7)
FS B/8 12 85.58 (12) 95.71 (12) 0.45 (12) 0.16 (12) 0.73 (12) 0.51 (12) 0.66 (7) 0.70 (9) 0.68 (9) 36.09 (9) 21.97 (9) 1.61 (9)
FS L/16 24 85.03 (24) 95.39 (24) 0.42 (24) 0.15 (24) 0.73 (24) 0.51 (24) 0.56 (13) 0.57 (13) 0.56 (13) 30.99 (17) 13.49 (15) 0.79 (14)
CLIP B/32 12 70.90 (12) 89.54 (12) 0.38 (12) 0.10 (12) 0.66 (12) 0.41 (12) 0.44 (9) 0.37 (9) 0.41 (9) 18.55 (8) 5.37 (8) 0.26 (8)
CLIP B/16 12 75.75 (12) 92.27 (12) 0.40 (12) 0.11 (12) 0.71 (12) 0.48 (12) 0.58 (9) 0.62 (9) 0.60 (9) 30.70 (8) 13.61 (8) 0.98 (6)
CLIP L/14 24 80.24 (24) 94.15 (24) 0.45 (24) 0.17 (24) 0.70 (24) 0.49 (24) 0.57 (14) 0.62 (17) 0.60 (17) 36.04 (15) 16.72 (15) 1.15 (13)
DINO S/16 12 74.61 (12) 90.08 (12) 0.38 (12) 0.14 (12) 0.61 (12) 0.33 (12) 0.60 (11) 0.63 (11) 0.61 (11) 26.72 (9) 11.68 (9) 0.55 (9)
DINO S/8 12 74.34 (12) 90.15 (12) 0.36 (12) 0.12 (12) 0.59 (12) 0.30 (12) 0.70 (12) 0.77 (12) 0.73 (12) 31.14 (8) 18.15 (8) 1.48 (8)
DINO B/16 12 76.06 (12) 91.40 (12) 0.37 (12) 0.11 (12) 0.62 (12) 0.35 (12) 0.59 (12) 0.61 (12) 0.60 (12) 28.28 (9) 12.00 (7) 0.65 (6)
DINO B/8 12 77.70 (12) 92.24 (12) 0.40 (12) 0.13 (11) 0.65 (12) 0.37 (12) 0.69 (10) 0.77 (10) 0.73 (10) 33.17 (8) 19.04 (8) 1.66 (5)
MoCo S/16 12 68.71 (12) 86.36 (12) 0.27 (12) 0.07 (12) 0.50 (12) 0.22 (12) 0.58 (10) 0.62 (10) 0.6 (10) 24.88 (9) 10.92 (9) 0.39 (11)
MoCo B/16 12 71.59 (12) 88.37 (12) 0.31 (12) 0.08 (12) 0.51 (12) 0.22 (12) 0.59 (11) 0.62 (11) 0.61 (11) 25.85 (9) 10.64 (8) 0.43 (10)
MAE B/16 12 45.19 (12) 65.32 (12) 0.15 (10) 0.02 (10) 0.28 (10) 0.08 (10) 0.54 (11) 0.54 (12) 0.54 (12) 22.65 (11) 10.59 (11) 0.44 (11)
MAE L/16 24 60.80 (20) 78.9 (20) 0.19 (21) 0.03 (21) 0.35 (21) 0.11 (21) 0.55 (23) 0.56 (23) 0.55 (23) 27.65 (19) 13.02 (22) 0.60 (21)
MAE H/14 32 63.16 (23) 79.87 (23) 0.20 (23) 0.03 (30) 0.39 (23) 0.13 (23) 0.58 (31) 0.61 (30) 0.59 (30) 27.50 (26) 13.65 (26) 1.35 (26)
BEiT B/16 12 26.84 (8) 45.12 (8) 0.14 (8) 0.02 (8) 0.20 (8) 0.05 (10) 0.57 (10) 0.59 (9) 0.58 (9) 24.11 (8) 11.02 (8) 0.54 (7)
BEiT L/16 24 41.24 (18) 62.79 (18) 0.16 (18) 0.02 (18) 0.25 (17) 0.06 (17) 0.58 (17) 0.64 (15) 0.61 (15) 37.52 (15) 18.22 (16) 1.04 (16)
Random - 0.10 0.49 0.02 0.01 0.04 0.03 0.03 0.08 0.06 1.32 0.34 0.02

exception of MAE, where the large models actually do worse.

2.7.6 Downstream Task Analysis

2.7.6.1 Keypoint Correspondence Additional Details

As part of our Downstream Task Analysis, we present results for Keypoint Correspon-

dence as an additional local-focused task. Given an input image with a set of human annotated

keypoints, a model must predict the position of corresponding keypoints in a second paired im-

age with the same type of object. Challenges in this task include changes in scale, size, and large

intraclass variations. Correspondence is a prerequisite step in applications such as pose estima-

tion [88], 3D reconstruction [88], and edit propagation in images and videos [89]. We use the

SPair-71k [72] dataset consisting of 1800 images from 18 categories. Following the evaluation

protocol used by Amir et al. [55], we randomly sample 20 image pairs from each category of the
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test set and compute PCK [80] (percentage of correct keypoints) for each of the 18 categories.

Given the dense ViT spatial token features of a source image, a target image, and source key-

point, we (1) get the corresponding feature vector of the keypoint in the source image, (2) find

the nearest neighbor of this feature vector in the target image, and (3) get the 2D location of the

nearest neighbor in the target image. The keypoint prediction is considered correct if it is within,

a threshold α ·max(H,W ) of the groundtruth correspondence, where α is a constant and (H,W )

are the height and width of the target image. We report the average PCK@0.1, PCK@0.05, and

PCK@0.01.

2.7.6.2 Results for ViT Variants

ImageNet Classification As seen in Figure 2.28, the general trends as reported in the main

paper for this task hold for each training method. The FS B/8 has the highest Top-1 and Top-5

performance. For FS, CLIP, DINO and MoCo the trends show that performance improves as

we go to later layers. It is also interesting to see that under normalized depth, the larger MAE

models peak earlier than the smaller ones and show a higher peak performance. For BEiT, the

peak performance occurs at a similar relative depth but is higher for the L/16 model.

Image Retrieval As shown in Figure 2.29, the Base and Large models for FS and CLIP perform

well for this image-level task. This aligns with our observations in the main paper. The FS B/16

performs the best on ROxford5k while the FS B/8 and L/16 are the best performers on RParis6k.

For the FS, CLIP, MoCo and DINO models, performance improves as we go to later layers in

most cases. MAE and BEiT again peak early in the mid-to-late layers. The general observations

and trends for this task are similar to the k-NN task as they are both image-level global tasks.
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The only difference being that, for this task, the later layers of FS and CLIP show a sudden

improvement while the earlier layers are flatter when compared to the trends for k-NN.

DAVIS Segmentation Propagation As shown in Figure 2.30 many models peak at an earlier

layer. The best performance comes from DINO B/8 and S/8, followed closely by FS B/8. Mean-

while, the models with patch size 32 see a significant drop in performance. Given the dense-

prediction-based nature of this task, these methods which are trained with a smaller patch size

have finer features which give them a boost in performance. The reconstruction-based models,

BEiT and MAE, are also very competitive in this task, performing on par with FS, CLIP, DINO,

and MoCo among the models with patch size 16.

Keypoint Correspondence We show comparisons on this task in Figure 2.31. It should be high-

lighted that BEiT L/16 performs the best for PCK@0.1, again showing a massive improvement

over BEiT B/16. This large boost correlates with the its improved part-level feature purity ob-

served in Section 2.7.5.5. In general the smaller patch size models like DINO B/8, DINO S/8,

CLIP L/14 and FS B/8 are also good performers. Due to their finer feature grids, these methods

perform much better at the stricter thresholds (PCK@0.05 and PCK@0.01). All models on this

task peak around mid-to-late layers.
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2.7.6.3 Summary of Downstream Tasks

We report the best result for each model along with the layer at which it occurs in Table 2.5.

This table captures all downstream tasks and summarizes all metrics for each task. We would

like to highlight that [1] different models peak at different layers, based on type of task, local vs.

global, and [2] no one model is the best model for all tasks.

2.7.6.4 ImageNet-1k Classification with Linear Probes

We present additional results for ImageNet classification with Linear Probes in Table 2.6.

For each model, we trained a linear layer on the last layer features for 20 epochs on the ImageNet-

1k training set, and report results on the validation set. For BEiT we instead use layer 8, which

gave the best k-NN classification results. This analysis includes variations based on protocols

from the compared works. We present results for CLS token features in row 2 and average-

pooled spatial token features (proposed by BEiT) in row 3. We also test the addition of a batch

normalization layer before the linear layer (proposed by MAE) in rows 4 & 5. As FS is trained

with ImageNet labels, it performs best in all settings. For approaches with explicit CLS super-

vision (FS, CLIP, DINO, MoCo), the CLS token features give higher accuracy. For MAE and

BEiT, due to the local nature of their supervision, their spatial features give better performance.

Batchnorm is generally beneficial for all models and features.
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Table 2.6: Accuracy@1 of ViT-B/16 models for Linear Probing on ImageNet-1k val. *required reduced
LR for stable training.

Feature FS CLIP DINO MoCo MAE BEiT

CLS 83.86 65.63 73.03 74.26 49.52 9.87*
Spat. 82.31 52.53 37.37 62.47 52.01 29.81
CLS+BN 84.40 78.63 76.39 74.51 59.31 41.68
Spat.+BN 82.83 74.59 68.09 68.58 59.86 44.27
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Figure 2.14: Examples of Offset Local Attention Heads in all ViT Variants. We find that all ViTs
examined learn to use Offset Local Attention Heads, and some larger models even use ones with diagonal
offsets. Midlines are drawn in red as a visual aid.
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Figure 2.15: Average Attention Distance for all ViT Variants. Results are plotted against the normalized
layer depth.
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Figure 2.16: Attention alignment with salient image content for all ViT Variants. Results are shown
for both CLS token attention and average spatial token attention on both COCO and PartImageNet. We
see that the results are highly similar for the two datasets.
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Figure 2.17: Average CLS token attention over 5000 images for every head of every ViT Variant.
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Figure 2.18: Aligned Aggregated Attention Maps over 5000 images for every head of every ViT Variant.
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Figure 2.19: CKA similarity between final layer features of different ViTs for their CLS tokens (left) and
spatial tokens (right).
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Figure 2.20: CKA for all ViT B/16 models showing their feature similarity across layers. Different super-
vision techniques result in different patterns.
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Figure 2.21: CKA across Base, Large and Huge MAE models.

0 5 10 15 20
BEiT B/16

0

5

10

15

20

BE
iT

 B
/1

6

0.4

0.5

0.6

0.7

0.8

0.9

1.0

0 10 20 30 40
BEiT L/16

0

10

20

30

40

BE
iT

 L
/1

6

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1.0

Figure 2.22: CKA across Base and Large BEiT models.
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Figure 2.24: Expanded CLS feature clustering for image-level labels with ImageNet-50.

59



0 0.5 1
0.1
0.3
0.5
0.7
0.9

FS

0 0.5 1

CLIP

0 0.5 1

DINO

0 0.5 1

MoCo

0 0.5 1

MAE

0 0.5 1

BEiT
Image Clustering (Spat.)

Pu
rit

y

0 0.5 1
0.1
0.3
0.5
0.7
0.9

FS

0 0.5 1

CLIP

0 0.5 1

DINO

0 0.5 1

MoCo

0 0.5 1

MAE

0 0.5 1

BEiT
Image Clustering (Spat.)

NM
I

0 0.5 1
0.1
0.3
0.5
0.7
0.9

FS

S/32
S/16
B/32

B/16
B/8
L/16

0 0.5 1

CLIP

B/32
B/16
L/14

0 0.5 1

DINO

S/16
S/8

B/16
B/8

0 0.5 1

MoCo

S/16
B/16

0 0.5 1

MAE

B/16
L/16
H/14

0 0.5 1

BEiT

B/16
L/16
Random

Image Clustering (Spat.)

AR
I

Layer Depth (Normalized)

Figure 2.25: Averaged spatial feature clustering for image-level labels with ImageNet-50.
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Figure 2.26: Expanded spatial feature clustering for object-level labels with COCO.
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Figure 2.27: Expanded spatial feature clustering for part-level labels with PartImageNet.
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Figure 2.28: k-NN ImageNet classification results for all ViT variants.
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Figure 2.29: ROxford5k and RParis6k retrieval results for all ViT variants.
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Figure 2.30: DAVIS Video Segmentation Propagation comparison for all ViTs
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Figure 2.31: SPair-71k Keypoint Correspondence comparison for all ViTs
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Chapter 3: SparseDet: Improving Sparsely Annotated Object Detection with

Pseudo-positive Mining

Fu
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Figure 3.1: (Top) Most Object Detection datasets have exhaustive annotations for foreground/positives.
During training, the unlabeled regions can be safely considered as background/negatives. Sparsely An-
notated Object Detection datasets (bottom) have missing annotations. This results in foreground regions
(shown in red) being considered as negatives during training, adversely affecting the performance of the
classifier.

The performance of object detectors is sensitive to the quality of labeled data [90, 91, 92].

Existing object detection methods assume that the training data is pristine and a drop in perfor-

mance is observed if this assumption fails. Noise in the data used for training object detectors can
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arise due to incorrect class labels or incorrect/missing bounding boxes. In this work, we deal with

the problem of training object detectors with sparse annotations, i.e., missing region or bound-

ing boxes. This problem is of utmost importance, as obtaining crowd-sourced datasets [93, 94]

can be expensive and laborious. The alternative is to use computer-assisted protocols to collect

annotations which have been shown to be noisy and incomplete [95]. This problem of training

object detectors with incomplete bounding box annotations is called Sparsely Annotated Object

Detection (SAOD).

To understand why training with sparse annotations is detrimental to the performance, con-

sider the example shown in Figure 3.1 (top). If the annotation were exhaustive, then the nega-

tive samples to the classifier contain true background regions. But with sparse annotations, as

shown in Figure 3.1 (bottom), a few positive regions will inevitably be considered as negatives

(shown in red), thereby wrongfully penalizing the classifier leading to lower performance. Ex-

isting methods[91, 96, 97, 98, 99] prevent this by predicting pseudo-labels and removing the

foreground regions from the negatives to the classifier. However, at higher levels of sparsity, the

quality of pseudo-labels is greatly affected, resulting in the same problem noted above.

Crowd sourced object detection datasets [1, 94, 100] are ensured to be almost exhaustively

labeled. Hence, for SAOD, researchers artificially create sparsely annotated datasets from the

original ones. There is no general consensus on the correct way to create the sparsely annotated

datasets, a.k.a. splits, and hence each method reports results on one or two different splits. Split

can be created by considering the dataset as a whole or per image (i.e.annotations can be removed

by considering all the images or only a single image at once). They can also be created by

removing annotations in a class-agnostic or class-aware fashion (i.e.remove p%, of annotations

per category or across all the categories). These variations result in splits with different data
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distributions making some harder than the others (refer to Table 3.1). A proper benchmark that

analyzes the performance of SAOD methods across these different types of splits is missing. This

makes it difficult to compare methods and assess their effectiveness for a specific use case.

To tackle the issues discussed above, as our first major contribution, we present SparseDet,

a novel SAOD framework that achieves state-of-the-art performance across multiple SAOD bench-

marks in practice. SparseDet operates on an image and its augmented counterpart. The combi-

nation of features extracted from the two views is used to generate region proposals. Standard

detection training methods, consider a region proposal as positive if its intersection over union

(IoU) with any ground truth is greater than 0.5 and the rest are treated as negatives. This strat-

egy works when the annotations are exhaustive, which implies that the remaining regions are

from background. But due to missing annotations, some of these regions could belong to fore-

ground instances. To prevent considering all region proposals without annotations as negatives,

SparseDet partitions all the region proposals into labeled, unlabeled and background. The la-

beled and background regions are processed as usual. Features extracted from unlabeled regions

are then trained with a self-supervised loss. Previous approaches like Co-Mining [99], consider

two partitions, labeled and background, and generate pseudo-labels. This is a disadvantage at

high sparsity as the generated pseudo-labels can be very noisy. The self-supervised loss in our

approach enforces consistency between the features of the two views for the unlabeled regions

and prevents penalizing the classifier due to false negatives.

Our second major contribution is unifying evaluation. The standard practice is to simulate

sparsely annotated training data on COCO [94] and PASCAL-VOC [100] train sets and evalu-

ate them on their corresponding standard validation set. As discussed above, a survey of recent

SAOD approaches [91, 96, 97, 98, 99, 101, 102, 103, 104] reveals that there are at least five dif-
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ferent ways to create splits, each differing in the strategy (refer to Section 3.3.2) used to achieve

the desired level of sparsity. However, these splits have not been made public, making it difficult

to replicate results for comparison. Additionally, each of these strategies has a different property

for simulating sparse data, e.g., different distribution of annotations per class, resulting in a dif-

ferent training set. As a result, methods trained on different splits cannot be compared with one

another. To mitigate these issues we standardize the generation of these splits that enables the

evaluation of any SAOD methods on all of them for fair comparison. Additionally, we propose

a new benchmark that assesses the semi-supervised learning capabilities of SAOD methods, i.e.,

leveraging unlabeled data to improve performance. We present our approach as a baseline. We

will make the data for the new benchmark along with all the SAOD splits public to facilitate

future research. We briefly summarize our contributions below.

• We propose a novel formulation, SparseDet, for SAOD which is an end-to-end approach

that identifies labeled, unlabeled and background regions and deals with them in appropri-

ate manner.

• We show state-of-the-art performance on sparsely annotated object detection across various

splits. On average, we improve by 2.6, 3.9 and 9.6 mAP over previous state-of-the-art

methods on three splits of increasing sparsity on COCO.

• We standardize the experimental setup for SAOD by evaluating methods on all the splits

to facilitate future research. Additionally, we propose a new benchmark that evaluates the

semi-supervised learning capabilities of SAOD methods.

In Section 3.1, we discuss the related works on SAOD and related fields. We describe

our approach in detail in Section 3.2. We describe our experimental setup and present results in
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Section 3.3, and conclude in Section 3.4.

3.1 Related Work

Semi-supervised object detection: Semi-supervised object detection (SSOD) is an active field

that also deals with training object detectors with missing annotations. Existing works on semi-

supervised object detection, have focused mainly on consistency regularization [105, 106] or

pseudo-labeling-based approaches [107, 108, 109, 110]. The main idea behind these approaches

is to perturb the images, or features, and apply a consistency regularization loss to enforce con-

sistency between the predictions using a student teacher framework. However, typical SSOD

methods assume a small exhaustively labeled set and a large unlabeled set for training. This is

different from Sparsely annotated object detection (SAOD), which assumes a large training set

which is sparsely labeled.

Sparsely annotated object detection: One of the initial works addressing this problem, by

Niitani et al. [96], proposes utilizing logical relations between the co-occurrences of objects and

pseudo-labeling. Yoon et al. [111] use object tracking to densely label objects across sparsely

annotated frames along with single stage detectors to mitigate the negative effects of missing

annotations. Wu et al. [91] propose a re-weighting approach where the gradients corresponding

to region of interest are weighed as a function of overlap with ground truth instances. Improv-

ing upon the previous work, Zhang et al. [97] propose an automatic re-calibration strategy for

single stage detectors where the negative branch is changed to take into account low confidence

background predictions which might correspond to missing annotations.

Finally, one of the most recent works, Co-mining [99] uses a co-training strategy by using
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two views of an image and predictions from one view along with the ground truth as supervision

for the other view and vice versa. Our method doesn’t solely rely on pseudo-labels and leverages a

self-supervised loss to prevent propagating negative gradients to the model due to false negatives.

Fully supervised object detection: After the success of AlexNet [112] on the image classifi-

cation challenge (ILSVRC 2012) [113], research on designing deep neural networks for object

detection gathered more interest. First among the successful methods are the two-stage Region-

based convolutional networks (R-CNN) family of detectors. Two-stage object detectors con-

sists of 1) a region proposal stage which produces a set of candidate object bounding boxes

followed by 2) a classification stage which classifies each candidate region as either belonging

to a foreground object or “background”. R-CNN processes a large amount of region proposals

by cropping the input image and using a CNN backbone to extract features making it extremely

slow. Fast R-CNN [114] was proposed to overcome this limitation. Fast R-CNN computes one

convolution feature map for the whole image. RoI Pooling was introduced to pool the feature for

each region of interest into a fixed spatial dimension. RoI pooling shares the computation among

all the region proposals speeding up training and inference. Fully connected layers are applied

on the fixed RoI pooled feature maps which are then passed to two sister heads, for classifica-

tion and bounding box regression. The whole network is trained end-to-end with a multi-task

loss avoiding the multi-stage training in R-CNN [115]. While Fast R-CNN improved the effi-

ciency of its predecessor, test time computation bottleneck is still an issue because of the region

proposal method employed. Faster R-CNN [116] proposed a region proposal network (RPN),

an elegant solution that trains deep networks to predict region proposals for practically no ad-

ditional computational overhead. RPN shares convolutional layers with Fast R-CNN [114] and

at test time the cost of generating proposals is minimal. Faster R-CNN paved the way for more
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Figure 3.2: Illustration of SparseDet for sparsely annotated object detection. Following feature extraction
from the original and augmented image, a common set of proposals is generated by the common RPN (C-
RPN). Using an end to end approach, we identify and mine proposals corresponding to missing annotations
using pseudo positive mining (PPM). We train the network end-to-end using a combination of supervised
and self-supervised losses. The unlabeled instances (black) are supervised with a self-supervised loss and
the labeled instances (green) are supervised with ground truth annotations.

sophisticated and efficient two stage detection architectures [117, 118, 119, 120, 121]. Faster

R-CNN has also been extended to achieve state-of-the-art instance segmentation [122], panoptic

segmentation [123, 124], and 3D mesh generation [125] etc.. A few limitations of two stage ob-

ject detectors and anchor boxes has also inspired the family of single-stage [126, 127, 128] and

anchor-free object detection systems [129, 130].

3.2 Approach

We present SparseDet for Sparsely Annotated Object Detection. Given N images, we

denote the set of labeled regions in the dataset as Bl = {bi, ci}Nl
i=1 where (b∗, c∗) are the bounding

box and class labels respectively. The unlabeled regions are denoted as Bul = {bk}Nul
k=1 and

the background regions as Bbg = {bq}Nbg
q=1. Note that unlike existing SAOD approaches, we do

not assume images to contain at least one labeled region in this work. The unlabeled Bul and

background Bbg sets are not known a-priori.
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3.2.1 Overview

The proposed approach is shown in Figure 3.2 and consists of a backbone network that ex-

tracts features from the original and augmented views of an image. The common RPN (C-RPN),

concatenates the features, to generate a set of region proposals. A region proposal b can belong to

one of three groups, namely 1) labeled regions b ∈ Bl, 2) unlabeled foreground regions b ∈ Bul,

or 3) background regions b ∈ Bbg. For a given set of ground-truth annotations, the first group,

i.e. labeled regions can be automatically identified. The problem then reduces to identifying and

separating the second group i.e. the unlabeled regions, from the background regions. Given all

the region proposals, a pseudo-positive mining (PPM) step identifies the unlabeled regions and

segregates them from the background regions. The labeled and unlabeled regions are trained

using supervised and self-supervised losses respectively. We describe each stage in detail below.

3.2.2 Feature Extraction

Given an image I , an augmented version of I denoted as A(I) is computed. In this work,

we use random contrast, brightness, saturation, lighting and bounding box erase in a cascaded

fashion to generate A(I). A backbone network is employed to extract two features, fo and fa,

from I and A(I) respectively.

3.2.3 Common RPN (C-RPN)

Two stage object detectors [116, 118, 131] use a region proposal network (RPN) [116] to

generate regions of interest (RoIs). We propose C-RPN which concatenates fo and fa to obtain

the RoIs. This is different from existing approaches that use fo and fa to generate two separate
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sets of RoIs. Operating on two sets increases the difficulty of identifying the labeled, unlabeled

and background regions which are required for subsequent stages. The sparse ground truth is used

as supervision to train the C-RPN with a binary cross entropy loss for foreground classification

and smooth L1 [132] loss for bounding box regression as shown below:

Ls
rpn (c,b, c

∗,b∗) = Lbce (c, c
∗) + λLreg (b,b

∗) (3.1)

where c, b are the objectness scores and bounding boxes, and c∗, b∗ are the corresponding ground

truth.

3.2.4 Pseudo Positive Mining (PPM)

Given the RoIs from C-RPN, the next step is to seggregate the unlabeled regions from

the labeled and background regions. A standard practice in training detectors is to consider all

proposals with an objectness score greater than τobj and IoU greater τfg with any ground truth

as foreground and proposals with IoU less than τbg as background. In the presence of missing

annotations, detectors are wrongly penalized because the IoU of RoIs corresponding to missing

annotations with any ground truth is less than τbg. To avoid this, we mine “potential” foregrounds

and consider them as unlabeled regions (Bu). The proposed PPM module is based on our observa-

tion that when trained with sparse annotations, the RPN can reliably distinguish foreground from

background regions. We pick all RoIs that have an objectness score greater than τppm and IoU

less than τbg with any ground truth as the unlabeled regions. The remaining RoIs are assigned as

background.
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3.2.5 Losses

The pseudo positive mining step segregates the RoIs into labeled, unlabeled and back-

ground regions. An RoI pooling layer [116] extracts RoI pooled features for the labeled and

background regions using the feature fo. The detection head processes the RoI pooled features

to predict class-wise probabilities and bounding box adjustments for each region. The ground

truth is used to supervise the predictions by applying the cross entropy loss for classification and

smooth L1 [132] for bounding box regression as shown below:

Ls
det,o (c,b, c

∗,b∗) = Lce (c, c
∗) + λLreg (b,b

∗) (3.2)

where c, b are the class and bounding box predictions, and c∗, b∗ are the corresponding ground

truth class labels and bounding boxes.

All detections with a score greater than τm are combined with the ground truth followed

by a class specific NMS to obtain the merged ground truth. It is ensured that no ground truth

annotation is discarded during this step. The labeled and background regions along with fa are

used to extract RoI pooled features which are then fed to the detector head. The predictions of

the detector head are supervised with the merged ground truth with the following losses:

Ls
det,a (c,b, c

∗,b∗) = Lbce (c, c
∗
m) + λLreg (b,b

∗
m) (3.3)

where c, b are the class and bounding box predictions from the detector head, and, c∗m, b∗
m are

the corresponding merged ground truths.
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Finally, a class agnostic NMS is performed on the unlabeled regions Bu (obtained after

PPM described in Sec. 3.2.4). The unlabeled regions along with fo and fa are passed through the

ROI pooling layer and the detection head to obtain f d
o and f d

a respectively. A self-supervised loss

is applied that enforces the detection head features of the original and augmented regions to be

consistent with each other as shown below:

Lu
SSL

(
f d

a , f
d
o

)
= ∥f d

a − f d
o∥22 (3.4)

The network is trained end-to-end with both supervised and unsupervised losses as shown

below:

L = 0.5 ∗
(
Ls

det,o + Ls
det,a

)
+ Ls

rpn + Lu
SSL (3.5)

Discussion: In the absence of ground truth annotations, i.e. for completely unlabeled images, the

supervised losses ( Ls
det,o, Ls

det,a, Ls
rpn) cannot be computed. Our proposed approach leverages self-

supervised consistency loss that does not need ground truth. This helps our approach leverage

these unlabeled regions unlike contemporary SAOD methods. We claim that this is the first

method to use self-supervised losses for SAOD. Even though Co-Mining [99] claims to use self-

supervised learning it is technically co-learning. Ours is the first approach to use pseudo-labeling

and a self-supervised loss to handle the sparse annotations.
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Table 3.1: Sparsely annotated object detection results on three splits of COCO dataset. “Oracle” cor-
responds to training models using all annotations. Results are reported on the COCO validation set using
AP[0.50:0.95].

Method Split-1 Split-2 Split-3 100%
30% 50% 70% 30% 50% 70% 30% 50% 70%

Oracle 40.91

Pseudo Label [96] - 27.50 - - - - - - - -
BRL [97] - 32.70 - - - - - - - -
Co-mining [99] 36.35 32.84 24.93 36.72 33.04 24.83 36.76 32.54 24.96 -
Ours 38.22 35.92 32.68 39.76 36.94 35.33 39.56 37.15 35.48 -

Table 3.2: Sparsely annotated object detection results on two
splits of PASCAL-VOC dataset. “Oracle” corresponds to train-
ing models using all annotations. Results are reported on VOC
07 test set usiing AP50.

Method Split-4 Split-5

Easy Hard Extreme 30% 40% 50%

Oracle 83.09 77.47

BRL [97] 73.50 71.70 66.20 - - -
Co-mining [99] 79.59 78.38 69.60 74.42 73.30 69.89
Ours 82.15 81.50 75.59 76.84 75.88 74.35

Table 3.3: Results on the proposed
SSL+SAOD setup. VOC12 [1] is used
as the unlabeled data and p is the re-
moval percentage

Method AP

30% 40% 50%

Co-mining [99] 46.53 45.98 43.21

Ours 48.34 47.82 46.76

3.3 Experimental Evaluation

In this section, we describe the experiments to evaluate our proposed approach. In Sec-

tions 3.3.1 and 3.3.2, we describe data, splits, and metrics. In Section 3.3.3, we mention the

implementation details followed by the baselines in Section 3.3.4. We compare with contempo-

rary methods in Section 3.3.5, followed by an ablation study in Section 3.3.6.

3.3.1 Data and Metrics

We conduct all our experiments on the COCO [94] and PASCAL-VOC [1, 100] (2007+2012)

datasets. The COCO [94] dataset consists of 118000 and 5000 images for training and validation

respectively. Experiments on the PASCAL-VOC07 [100] are conducted on 5011 trainval images
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Brightness ContrastOriginal Lighting Saturation B-box erase All

Figure 3.3: Illustration of the effects of various augmentations used in this work.

and performance is computed on 4952 images of the test set. The PASCAL-VOC12 version con-

sists of 11530 (trainval) images for training and evaluation is done on the PASCAL-VOC07 test

set. Following past literature [91, 96, 97, 98, 99], we create five different splits (Section 3.3.2)

and report results on them. For splits on the COCO [94] dataset, we use the standard COCO

style Average Precision (AP). For splits on the PASCAL-VOC [100] dataset, we use the standard

PASCAL-VOC style AP50, which is Average Precision computed at an IoU threshold of 0.5.

3.3.2 SAOD Splits

An extensive review of sparsely annotated object detection methods reveals that there are

atleast five popular types of splits in use for creating training data. Most methods report results

on a subset of these making it harder to compare across methods.

We standardize the evaluation of SAOD methods by evaluating exhaustively on all the splits

facilitating future research. We briefly describe the splits below.

Split-1 [98, 99]: In this split, for each object category, p% of annotations are randomly removed

from the COCO [94] train set and results are reported on the validation set. This split simulates

sparsity at dataset level in a class aware fashion. Note, this split can contains images with no

annotations. We experiment with p = {30, 50, 70}.

Split-2: For each image in the COCO [94] train set, all annotations of p% of all categories in that
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image removed and results are reported on the COCO validation set. This split can be considered

as image level and class aware. We experiment with p = {30, 50, 70}. Note, this split might

contain images with no annotations.

Split-3: This split, which uses the COCO 2017 [94] train set for training and the validation set

for evaluation, deletes p% annotations in a class agnostic fashion for each image ensuring at

least one annotation. This split is image level but class agnostic. For the experiments, we use

p = {30, 50, 70}.

Split-4 [97, 99]: This split requires evaluating models on three different settings namely easy,

hard and extreme ensuring at least one annotation per image constructed using PASCAL-VOC

2007+12 [1, 100] trainval set. Results are reported on the PASCAL-VOC 2007 [100] test set. For

each image in the training set, the easy setting randomly removes one annotation while the hard

setting randomly removes half of the annotations. The extreme setting retains only one annotation

per image. All the sets ensure each image consists of atleast one annotation. This split is a small

scale version for an image level class agnostic split.

Split-5 [91]: This split uses the PASCAL-VOC 2007 [100] train set for training and the

PASCAL-VOC 2007 test set for evaluation and drops p% annotations per class. For each im-

age in this construction, instances of randomly selected categories are exhaustively annotated

while the remaining categories do not have any annotations. This is a small scale version of

Split-1 as annotations are dropped in a class aware manner across the full dataset maintaining

atleast 1 annotation per image. In this case we use p = {30, 40, 50}.
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3.3.3 Implementation details

For all our experiments, we use a Faster RCNN [116] architecture with a ResNet-101 [133]

FPN backbone [118] implemented using Detectron2 [134] framework. For the image augmenta-

tions, we apply a For augmentation, a cascade of random contrast, brightness, saturation, lighting

and bounding box erase augmentations. The effect of this augmentation is shown in Figure 3.3.

We train all our models with a batch size of 8 for 270000 and 18000 iterations on the COCO and

PASCAL-VOC splits respectively with a learning rate of 0.01. The learning rate is decreased ten

fold twice at {210000, 250000} and {12000, 15000} for COCO and PASCAL-VOC respectively.

We adopt a warm-up strategy for 1000 and 100 iterations for the COCO and PASCAL-VOC re-

spectively. Following existing detector implementations we set τbg, τfg, τobj and τppm to 0.2, 0.4,

0.5 and 0.8 respectively. We set τm to 0.9. During inference, we compute the backbone features

(fo and fa) for both the original and augmented versions of the input to obtain the RoIs and only

fo is used for the final detections.

3.3.4 Baselines

We compare our method against Co-Mining [99], BRL [97], and Pseudo Label [96].

We choose these methods as they outperform previous approaches for the SAOD task. We

use the public implementation of these methods and usa a ResNet 101 FPN [118] backbone for

all the experiments in order to perform a fair comparison.
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Table 3.4: Ablation of various components of proposed approach.

C-RPN PPM Lu
SSL Ls

det,a AP ∆

✗ ✗ ✗ ✗ 41.77 −
✗ ✗ ✗ ✓ 42.67 0.90

✓ ✗ ✗ ✓ 45.30 3.53

✓ ✓ ✗ ✓ 45.44 3.67

✓ ✓ ✓ ✗ 45.51 3.74

✗ ✓ ✓ ✓ 44.86 3.09

✓ ✓ ✓ ✓ 46.00 4.23

Sparsity in labeled imagesSparsity in labeled regions

SSL
+

SAOD

Labeled region Unlabeled region Unlabeled image

Figure 3.4: Types of sparsity in labeled data; sparsity in labeled regions (left) and images (right). Our
proposed SSL+SAOD is a realistic setup that presents challenges from both kinds of sparsity.

3.3.5 Comparison with state-of-the-art

In this section, we compare our method with contemporary methods. We evaluate all the

models in two different setups. We name the first setup Sparsely annotated setup which evaluates

models on SAOD. The second setup, contains labeled and unlabeled images and regions.
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Sparsely annotated setup: We show results of this setup in Table 3.1 and Table 3.2. Splits-2

and 3 ensure at least one annotation per image is retained. On the other hand, Split-1 doesn’t

ensure this and has significantly more unlabeled data than the other splits. Splits-4 and 5 have no

unlabeled images at all. In both the tables, the rows named “oracle” refers to the models trained

using all annotations.

From Table 3.1, we observe that our approach outperforms the other baselines and is closer

to the oracle performance on the 30% splits. Co-mining [99], performs competitively on all the

splits at 30%.

On Split-1, our method obtains a performance improvement of 1.87, 3.08 and 7.75 on 30%,

40% and 50% sparsity respectively over Co-mining [99].

On Split-2, our method obtains an improvement of 3.04, 3.9 and 10.5 at 30%, 40% and

50% sparsity respectively over the previous state of the art Co-mining. On Split-3, an again we

see consistent improvement of 2.8, 4.61 and 10.52 at 30%, 40% and 50% sparsity respectively

over Co-mining.

In particular, on the hardest setting (70%) in Split 1-3, we demonstrate that current SAOD

methods struggle at higher sparsity in the labeled data. This is because the performance of current

SAOD approaches rely on the quality of pseudo labels which degrades at higher sparsity. Our

proposed PPM prevents penalizing the classifier irrespective of the quality of pseudo labels and

utilizes self-supervised loss to benefit from mined regions. On average, all the methods achieve

lower performance on Split-1 compared to the other splits due to the nature of its creation, i.e.,

class aware dataset level fashion of sparsity.

From Table 3.2, we see a similar trend as above. All the methods perform competitively on
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the easier settings of both splits. However, the performance gap between the our approach and

Co-mining [99] increases at higher sparsity.

On Split-4, we get an improvement of 2.56, 3.12 and 5.99 (AP50) percentage points on the

easy, hard and extreme settings respectively over Co-mining. On Split-5, an improvement of

2.42, 2.58 and 4.46 points was observed.

Single Instance Object Detection (SIOD) setup: [135] proposed SIOD where only one instance

per category is annotated in every image. While this setup has its benefits [135], note that it is

a special case of SAOD. For this setup, we obtain an AP of 32.89 (compared to 31.9 of [135])

which is an improvement of ∼1 mAP.

Table 3.5: Analysis of the threshold used for PPM.

Threshold 0.6 0.7 0.8 0.9 0.95

AP 45.96 45.96 46.00 45.77 45.30

Table 3.6: Removing test time augmentations.

Method Split-1 Split-2 Split-3

30% 50% 70% 30% 50% 70% 30% 50% 70%

TTA 38.22 35.92 32.68 39.76 36.94 35.33 39.56 37.15 35.48

w/o TTA 38.32 35.91 32.67 39.77 36.95 35.27 39.55 37.12 35.48

SSL+SAOD setup: We propose a semi-supervised learning benchmark for SAOD. This bench-

mark entails training models on a sparsely annotated labeled and an unlabeled set. As shown

in Figure 3.4, this setup introduces two kinds of sparsity in the data, namely, sparsity in labeled
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regions (left) and images (right). We believe this is a realistic setup and SAOD methods must

be capable of tackling both these kinds of sparsity in the data. For this setup, we use Split-5

(Section 3.3.2) with increasing sparsity as the labeled set and VOC12 trainval as the unlabeled

set. We use the COCO-style AP metric to report results on this setup.

In Table 3.3, we compare against Co-mining [99] and observe an improvement of 1.81, 1.84

and 3.55 mAP on the 30%, 40% and 50% sparsity levels respectively. We observe that the gap in

performance increases with sparsity, consistent with our observation for Tables 3.1 and 3.2. This

can be attributed to the inability of methods like Co-mining to handle unlabeled images and high

sparsity in the labeled data. We will make this benchmark public and propose this method as a

baseline. We encourage researchers to report results on this benchmark in the future.

3.3.6 Ablation Experiments

In this section we conduct ablation experiments to understand the various components. For

the ablation experiments, we use a ResNet-101 as the backbone network and train on Split-5 with

p = 50%. We evaluate on the VOC07 test set and report the COCO style AP metric.

From Table 3.4, a baseline model trained on the ablation set attains 41.77 (row 1). Pseudo-

labeling
(
Lsdet,a

)
improves the performance by 0.9 (row 2). Co-mining [99] relies extensively

on pseudo-labels. This results in a drop in performance at higher sparsities due to noisy pseudo-

labels. Addition of the C-RPN improves our performance by 3.53 points (row 3). C-RPN reduces

the overhead of computing two sets of proposals and learns a better notion of objects due to the

combined processing of features from the two views.

The combination of C-RPN and PPM improves the performance by 3.67 (row 4). We do
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Table 3.7: Comparison with a different backbone. Results are reported on the COCO validation set on
Splits 1-3 using AP and on VOC 2007 test set on Splits-4,5 using AP50.

Method Split-1 Split-2 Split-3 Split-4 Split-5

30% 50% 70% 30% 50% 70% 30% 50% 70% Easy Hard Extreme 30% 40% 50%

Ours (C4) 37.67 35.95 33.16 39.22 36.81 34.98 38.84 36.76 35.26 80.56 80.43 74.45 77.38 76.13 75.32
Ours (FPN) 38.22 35.92 32.68 39.76 36.94 35.33 39.56 37.15 35.48 82.15 81.50 75.59 76.84 75.88 74.35

not observe major improvements with the introduction of PPM because its task is to identify

and segregate the unlabeled regions from the backgrounds. After the segregation, PPM does no

further processing to improve performance. The power of PPM can be observed when trained

in conjunction with consistency regularization loss (Lu
SSL) which achieves the best performance

of 46 (row 7); an improvement of 4.23 points over the baseline. We distinguish ourselves from

pseudo-labeling approaches like Co-mining in one important aspect. While, Co-mining [99]

relies solely on pseudo-labels, we leverage additional components from self-supervised learning

along with pseudo-labeling. In row 5, due to C-RPN, PPM and Lu
SSL, we show an improvement

of 3.74 over the baseline. Our proposed components are orthogonal to pseudo-labeling as using

them together results in an additional improvement of ∼0.5 on mAP. At higher sparsity in the

labeled dataset, the proposed C-RPN, PPM and Lu
SSL are less affected than pseudo-labels resulting

in the large improvements on these splits. Finally, we show the effect of C-RPN by generating a

single set of proposals from the original image and using it for both the branches. We observe a

drop in performance (row 6) highlighting the effectiveness of C-RPN.

PPM mines potential positives which can be mistaken for negatives due to missing anno-

tations. We rely on the objectness score of the RPN to identify these regions. In Table 3.5, we

vary the threshold of PPM. For a low threshold, a few hard negatives might also be identified as

pseudo-positive leading to a drop in performance. With a high threshold, a few potential positives
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might not be mined. We observe that a threshold of 0.8 provides a good trade-off and is there-

fore used for all experiments unless stated otherwise. In all our experiments, PPM is performed

after an initial warmup of 9000 and 30000 iterations on the PASCAL-VOC and COCO datasets

respectively.

3.3.6.1 Inference without augmentations

Our method requires passing an input with augmentations during inference as well. It

should be noted that this is not a test-time augmentation (TTA), a technique that typically involves

passing images at a higher resolution. We perform inference by removing the augmentation and

extracting the region proposals using C-RPN. We show the results in Table 3.6 on the three splits

of COCO. We do not observe a significant improvement in performance due to the augmentation.

3.3.6.2 Effect of backbone

We analyze the effect of backbone on our approach and show results for the normal convo-

lution based (C4) and FPN based (FPN) backbones in Table 3.7. The first row corresponds to C4

while the second row corresponds to FPN. While the gap in performance is lower in most cases,

we observe a significant improvement using the FPN on the low sparsity settings of all the split.

3.3.7 RPN Recall experiments for object discovery

PPM identifies foreground regions mistakenly assigned as background during training to

avoid penalizing the network. To study the effect of PPM on novel [136] classes, we train a

network using our approach on randomly chosen 6000 images of the COCO dataset, containing
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Figure 3.5: Qualitative results showing the unlabeled regions identified by the PPM. The red boxes corre-
spond to the available ground truth. A class agnostic NMS was performed on the regions and the result is
shown in white.

Figure 3.6: Qualitative results comparing the output of a model trained using available ground truths (top)
to a model trained using our approach (bottom). Predictions with a class confidence score greater than
0.9 are shown. Red: Person, Cyan: Dog, Purple: Horse, Yellow: Clock, Green: Stop sign, Blue: Parking
meter, Violet: Giraffe, Orange: Potted plant, Black: Surfboard, Dark green: Boat

annotations for only 20 classes of PASCAL-VOC. We evaluate the recall@0.5 of the RPN over

the remaining 60 classes. A model trained using the standard technique on this dataset achieves a

recall@0.5 of 77.46% and 29.06% on the known classes (20 categories) and unknown classes (60

categories) respectively. Our proposed approach, with PPM, achieves a recall@0.5 of 78.47% and

35.20% respectively. This ability to localize objects not seen during training can be beneficial for

object discovery methods like [137, 138, 139, 140] which use RPN proposals to learn/discover

new categories.
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3.3.8 Qualitative Results

In Figure 3.5, we show the pseudo positives mined by PPM. In each figure, the red boxes

correspond to the ground truth annotations and the white boxes correspond to the post NMS

pseudo positive boxes mined by PPM. We observe that the PPM correctly mines proposals which

correspond to missing object annotations. Without PPM, these regions will be used as negatives

to the classifier resulting in a reduced class confidence score leading to a drop in mAP. We show

the detection results of a model trained on the 50% Split-1 of our approach in Figure 3.6. The

images on the top corresponds to the model trained using sparse annotations and the bottom

image shows the output of our approach.

3.4 Discussion

We present SparseDet, a novel end-to-end system for Sparsely Annotated Object Detection

(SAOD). We propose a simple yet effective technique for identifying the unlabeled regions using

pseudo-positive mining and apply self-supervised loss on them. Through qualitative results we

highlight the ability of PPM to mine pseudo-positives. We standardize the evaluation setup and

show the effectiveness of our approach with an exhaustive set of experiments on multiple splits

of SAOD. While we outperform existing state-of-the-art on all metrics and splits, we observe

the gap in performance increases with sparsity demonstrating the short coming of methods that

rely solely on pseudo-labeling. We propose a new benchmark, that evaluates the semi-supervised

learning capabilities of SAOD approaches. We will release the data for the new benchmark along

with all the SAOD splits and encourage researchers to evaluate future SAOD methods on these.
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Table 3.8: Results on the splits released by
authors of Co-mining. All methods use Res-
50 FPN architecture.

Method Performance

Easy Hard Extreme

Co-mining 35.40 31.80 23.00
Ours 36.78 34.02 23.35

Table 3.9: Comparison with on Split-2

Method Performance

30% 50% 70%

Niitani et al.(Pseudo Label) 35.00 32.79 29.03
Wu et al.(Soft Sampling) 33.98 31.39 27.30
Ours 35.94 33.13 28.88

Table 3.10: Analysis of different augmentations used in
this work.

Contrast Brightness Saturation Lighting Bbox-Erase Performance

✗ ✗ ✗ ✗ ✗ 42.76
✓ ✗ ✗ ✗ ✗ 43.99
✗ ✓ ✗ ✗ ✗ 43.81
✗ ✗ ✓ ✗ ✗ 42.70
✗ ✗ ✗ ✓ ✗ 42.95
✗ ✗ ✗ ✗ ✓ 45.11

✓ ✓ ✗ ✗ ✗ 44.03
✓ ✓ ✓ ✗ ✗ 43.90
✓ ✓ ✓ ✓ ✗ 43.91
✓ ✓ ✓ ✓ ✓ 46.00

Table 3.11: Analysis on warm-up iteration for PPM.

Iteration 0 4000 9000 12000

AP 45.51 45.71 46.00 45.88

3.5 Appendix

3.5.1 Recall analysis

To study the effect of missing annotations on the RPN, we compute the recall of the RPN

trained using a sparsely annotated dataset. For a model trained using all the annotations, the recall

of the RPN is 0.83. As we drop annotations progressively from 30% to 70% the recall drops to

0.79. This shows that there is no significant drop in recall due to missing annotations.

3.5.2 Additional Experiments

3.5.2.1 Experiments on publicly released splits

Authors of Co-mining create a split similar to Split-4 but using COCO 2017 trainval set

to perform ablation experiments. To the best of our knowledge, this is the only split released

publicly for SAOD. We compare the performance of our approach with Co-Mining, which uses a
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RetineNet architecture, on this split and report results in Table 3.8. We observe a similar trend as

reported in the main paper and outperform Co-mining by 1.38, 2.22 and 0.35 percentage points

on the Easy, Hard and Extreme subsets respectively.

3.5.2.2 Effect of τm

We ablate over different values of τm and report the results in Table 3.12 . With a low

threshold, the ground truth will be contaminated with noisy predictions and a high threshold will

leave out a few positive missing annotations. We observed that a value of 0.9 is a good tradeoff

between quality and recall. We use a threshold of 0.9 for all the datasets unless otherwise stated.

3.5.2.3 Warm-up

As we rely on the RPN objectness score, we employ a warmup strategy which switches on

the pseudo-positive mining (PPM) during training. In Table 3.11 we start the PPM at different

iterations and report results. This experiment is performed on the COCO-mini ablation dataset.

Our experiments show that for models which are trained for fewer iterations, starting at 9000

iterations worked the best. For longer experiments we allow a warmup of 30000 iterations.

Table 3.12: Ablation for τm

Threshold 0.8 0.9 0.95

AP 45.04 46.00 45.38
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3.5.2.4 Additional ablations on C-RPN

We perform some additional analysis regarding C-RPN by using two sets of proposals, one

from original and the other from augmented version of the image and combining them. This

approach consists of 2× more proposals than our approach and achieves an mAP of 45.25 (vs.

46.00 using ours). To make the comparison fairer, we generate half the number of proposals from

each image and combine them (resulting in the same number of proposals as our approach) and

this model achieves 45.46 (vs. 46.00 using ours) demonstrating the effectiveness of C-RPN.

3.5.2.5 Augmentation

The proposed approach process an input image and its augmented counterpart. For aug-

mentation, a cascade of random contrast, brightness, saturation, lighting and bounding box erase

are used. In Table 3.10, we analyze the effect of various augmentations on the performance of the

model. This experiment was conducted on the same ablation set as the main paper. We observe

that applying random saturation or random lighting alone are not as effective compared to other

augmentations. Applying bounding box erase alone provides the most improvement. Finally, we

achieve the best performance when we use all the augmentations. We randomly sample contrast,

brightness, and saturation from [0.5, 1.5]. For lighting, a random scale of 1.2 was used. For

bounding box erase, we randomly erase an area of of [0.4, 0.7] at an aspect ratio of [0.3, 3.3].

3.5.3 Additional details of splits and experiments

In Table 3.9, we compare our approach with Niitani et al.(Pseudo Label) and Wu et al.(Soft

Sampling) using the same backbone for fair comparison. We outperform the best model (Pseudo
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Figure 3.7: Figure showing regions (white) identified by the PPM step and available ground truth (red)
during training.

Figure 3.8: Qualitative results comparing the output of a model trained using available ground truths (top)
to a model trained using our approach (bottom). Predictions with a class confidence score greater than 0.9
are shown.
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Figure 3.9: Failure cases of PPM.

Figure 3.10: Failure cases comparing the output of a model trained using available ground truths (top) to a
model trained using our approach (bottom). Predictions with a class confidence score greater than 0.9 are
shown.
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Label) by 0.94, 0.34 points on the 30% and 50% splits respectively.

3.5.4 Results

In this section, we show some more results of the regions identified by the PPM in Figure

3.7 and a few failure cases in Figure 3.9. In Figures 3.7, 3.9 the red boxes correspond to the

available annotations and the regions in white are the ones identified by PPM. Finally, we show

detection results and failures of our approach in Figures 3.8 and 3.10 respectively.
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Chapter 4: Towards Discovery and Attribution of Open-world GAN Generated

Images

With an ever increasing number of GANs introduced each year, concerns about the mali-

cious use of this technology, especially in the case of social media content [141, 142, 143] are

increasing at an alarming rate which can have adverse impacts on public security and privacy.

Therefore, a plethora of works have been proposed which focus on the real/fake detection task

[3, 144, 145]. However, it is also important to focus on the problem of attribution, i.e. identifying

the source of these images. Attributing images to their sources can potentially deter malicious or-

ganizations and hold them accountable by leading legal proceedings. Additionally, as GANs are

becoming part of commercial services such as face animation applications, their popularity draws

piracy and plagiarism [2] which is an attack on intellectual property. Therefore, it is pertinent to

develop effective techniques to attribute images to specific sources.

To address this problem, [2, 146, 147] perform attribution for multiple GAN architectures

and obtain high classification accuracies. However, they are limited to the closed-world setup

as they attribute only to the GANs seen during training and are incapable of identifying unseen

GANs. Such a setup is infeasible in practical scenarios where there are a large number of images

belonging to sources not seen during training. This raises the question of whether we can discover

these new sources and group together the set of images which are generated by them. We term this
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Online attribution and discovery of new GANs
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Figure 4.1: A plethora of GANs are released every year, and there could be a set of images that come from
several unknown sources. Our approach is capable of discovering and attributing unknown GAN sources
while requiring label supervision for only an initial small set of GANs. We attribute with high accuracies,
seen GANs from a set of images as well as identify and cluster unknown GAN sources with high purities.

problem as “GAN discovery and attribution” as it involves attributing images to known sources

as well as discovering unknown sources. This is a much more challenging and real world setup as

the number of sources are unknown and keep increasing. Additionally, there can be a significant

domain shift based on the dataset type of GAN generated images.

Many works such as [2, 3, 146] show that GANs leave unique artificial signatures in the

images they generate. We exploit this information to implicitly identify signatures and cluster

images belonging to unseen sources together while also attributing images to seen sources. We

propose a novel iterative pipeline which utilizes a fixed set of images, labeled according to their

corresponding sources, and perform GAN attribution and discovery on an unlabeled set of im-

ages. Our approach generalizes to an open-world setup where images in the unlabeled/discovery

set are not restricted to be from the labeled class sources. Additionally, due to the iterative nature

of our pipeline, we can continuously discover images from new GANs added to our discovery
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set in an online manner. Our approach only requires labels for an initial set of images from real

datasets and a few GANs trained on these real datasets with each real/GAN source representing a

separate class. While we can discover unseen GANs trained on these real datasets, we addition-

ally show through experiments that we can discover new real datasets and GANs trained on these

new datasets as well without them being present in the initial labeled set.

Attribution and discovery in an open-world setup requires us to separate images belong-

ing to seen sources during training from the unseen sources. We therefore introduce an explicit

out-of-distribution (OOD) step using the deep network features to separate the images belonging

to the two types of sources. We propose to incorporate the Winner Take All (WTA) hash [148]

which, to the best of our knowledge, has previously never been used for OOD detection. Addi-

tionally, we obtain clusters for the OOD images and perform merge and refine steps to improve

the grouping of the unknown GANs using 1-Nearest Neighbour (NN) graphs and kernel SVMs,

respectively. We combine these components into a single unified pipeline which is executed it-

eratively for improving the features and clusters while attributing seen sources and discovering

new GAN sources.

Through extensive experiments, we demonstrate the capability of our approach in an open-

world setup. We show the efficacy of our approach to generalize to a wide range of dataset setups.

We also analyze the importance of the various stages. Additionally, we provide an approach to

apply our algorithm for the problem of real/fake image detection and show competitive results on

a variety of dataset setups.

We summarize our contributions as follows: 1) We introduce a new problem for discovering

and attributing images from real and GAN sources in an open-world setup; 2) We propose a novel

iterative pipeline consisting of several components such as OOD detection, clustering and merge
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and refine stages providing a strong benchmark for this task, and; 3) We analyze the capability

of our approach to discover GANs on a variety of dataset setups and also present several insights

into the various stages of our pipeline.

4.1 Related Work

OOD Detection and Open Set Recognition: Several works [5, 149] have tackled OOD detection

but require an OOD dataset for tuning hyperparameters, which is not possible as open-world

knowledge is not known apriori. [150] removes this constraint but requires modification of the

training setup to decompose confidence scores into two probabilities.

On similar lines is the task of open set recognition [151]. [152, 153, 154] use the Extreme

Value Theory to discard unknown samples but require setting thresholds for reconstruction errors

and/or probability values to detect OOD samples which requires careful tuning for each dataset.

[155] provides a detailed survey of more works in this area.

Open World learning: While Open Set Recognition only rejects the unseen classes, Open World

learning [156] also focuses on reasoning about the unseen classes. [157] tackles this problem

using meta classifiers but are limited to the product classification problem. [4, 158, 159, 160]

also focus on a similar problem but require the unlabeled set to only contain unseen classes and

knowledge about number of unseen classes in some cases.

Rank correlation: [148] compute the WTA hash which are ordinal embeddings providing a

highly non-linear sparse transformation of the feature vector. [161] use this hashing algorithm

for performing fast large scale object detection. To the best of our knowledge, no work utilizes

ranking based measures for OOD detection.
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Clustering: Clustering is a highly explored field yet there is no one-size fits all solution. [162]

use a first Nearest Neighbours (1-NN) graph to perform parameter free clustering. Inspired from

their work, we use a similar 1-NN graph for our merge step. [163] perform K-means clustering

on a network’s features and retrain the network using the cluster labels as pseudo-labels. Our

approach partly involves this setup but contains several other components such as OOD detection

and merge and refine steps. Spectral clustering [164, 165, 166] is another common approach but

requires eigenvalues for a large Laplacian which is not tractable for large datasets, as is our case.

Another common direction is training a deep network [167, 168, 169, 170, 171] which learns

embeddings/clusters based on minimizing an objective function. However, these require careful

training so as to not diverge while learning the features in an unsupervised manner.

Real/fake detection and GAN attribution: A plethora of works [3, 142, 143, 144] exist for

the problem of real/fake detection but are only limited to this binary classification problem and

are not directly applicable to GAN attribution and discovery. [2, 3, 146] tackle this problem

but are, however, limited to the GANs that they train on and fail to generalize in an open world

setup. [172] propose a more dynamic approach to incrementally include GANs for attribution but

require clean datasets with images coming from only a single GAN source which does not hold

in practice, as images could be generated from multiple sources. To the best of our knowledge,

there exists no work dealing with open-world GAN discovery and attribution which is a much

harder task than just real/fake detection or closed set GAN attribution.
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Figure 4.2: Illustration of our algorithm, where we iteratively discover new classes and retrain our network
using them as pseudo-labels.

4.2 Proposed Approach

4.2.1 Overview

In this section, we briefly describe our approach as shown in Fig. 4.2. Our initial labeled set

consists of ns images corresponding to the seen classes and is denoted by Is = {Is1 , Is2 , ..., Isns
},

and their ground truth class labels, denoted by Ys = {ys1 , ys2 , ..., ysns
}. The discovery set

consists of nt unlabeled images, from both seen and unseen classes, and is denoted by It =

{It1 , It2 , ..., Itnt
}. Our pipeline proceeds iteratively, and at any point in the pipeline, our discov-

ery set is partitioned into Ic and In. Ic is a set of nc clustered images with predicted labels Ŷc

while In is a set of images which could be potentially clustered in future iterations.

In each iteration, we improve the predicted labels in the clustered set (Ic) and add new

samples from the non-clustered set (In) into the clustered set. We do this via several stages

using algorithms or tools which have previously not been applied for the specific tasks. We also

combine the various stages in a unified manner for iteratively improving the features and clusters.

Network training: Our network consists of a feature extractor f(·) and classifier g(·). We train

the network in a supervised manner using the two sets of images and labels, labeled set (Is,Ys)
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and clustered set
(
Ic, Ŷc

)
.

Out-of-distribution detection: We use f(·) to extract features for Ic and In and perform OOD

detection. This stage predicts samples from In to be in-distribution or OOD with respect to the

clusters in Ic. The in-distribution samples are classified using the classifier and attributed to Ic

with the corresponding predicted labels.

Clustering: We use the K-means algorithm to overcluster the remaining samples in In. These

clusters are then added to the clustered set Ic with a new set of labels based on the cluster labels.

At the end of this stage all samples have a predicted label and the non-clustered set, In, is empty.

Merge and refine: To deal with overclustering we perform merge and refine operations. Specif-

ically, coherent clusters are merged to reduce the number of clusters. This reduces the purity

of the clusters and hence a refine operation is performed which throws away impure clusters, or

samples likely to not have belonged to their existing clusters. The rejected samples are added to

the non-clustered set In. At the end of this stage, we have a new clustered set, Ic along with its

predicted labels Ŷc, and non-clustered set, In. The four steps described above are then repeated.

We now describe each of the steps enumerated above in detail.

4.2.2 Network Training

This stage involves training the network using the cluster labels Ŷc corresponding to Ic and

Ys corresponding to Is in a supervised manner. The network consists of a feature generation

network f(·) parameterized by θf , constructed using an off-the-shelf CNN followed by a few

fully connected layers to reduce the dimensionality. The classification part of the network g(·)

parameterized by θg involves a fully connected layer followed by the softmax function.
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The parameters of the network θf , θg are optimized as per the following expression:

min
θf ,θg

[
1

nc

nc∑
i=1

L
(
gθg(fθf (Ici)), ŷci

)
+

1

ns

ns∑
j=1

L
(
gθg(fθf (Isj)), ysj

) ]
, (4.1)

where L is the cross-entropy loss, Ici and ŷci are the ith images and labels from Ic and Ŷc respec-

tively while Isj and ysj are the j th images and labels from Is and Ys respectively. Subsequent

to network training, we use the feature generation network to extract the features Xc and Xn

corresponding to the clustered set of images Ic, and non-clustered set of images In, respectively.

4.2.3 Out-of-distribution detection

We utilize the WTA hashing algorithm proposed by Yagnik et al.[148] who show that ordi-

nal representations of feature vectors provide strong nonlinear transformations and demonstrate

their algorithm’s capability on downstream tasks, such as similarity search and classification.

They show that such rank correlation measures are robust to noise unlike cosine or Euclidean

based distances. Additionally, Euclidean/cosine based distances are highly sensitive to thresh-

olds used for OOD detection which would require careful hyperparameter tuning for different

dataset setups.

The WTA hash maps a d dimensional feature vector x to a H dimensional vector xH with

elements lying in [K].

Using this hash for each feature vector, we then represent the distance between any two

feature vectors x and y, as d(x,y), which is the Hamming distance between their corresponding

hashes. For each class in set Ŷc = {ŷi ∈ [N ], i ∈ [nc]} (nc is the number of samples in the

clustered set, N is number of clusters), we obtain OOD detectors in the following manner: For
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a cluster with cluster label j ∈ [N ] and for a feature sample i ∈ [nc] in the non-clustered set

represented by xni
∈ Xn, we compute the distance of xni

from each sample in the cluster j. We

then average these sample distances to get the distance of sample xni
from cluster j, i.e.,

dj(xni
) =

1

Nj

nc∑
k=1,yck=j

d(xni
,xck), (4.2)

where Nj represents the number of samples in cluster j. The detector then classifies xni
as an

in-distribution sample of class j if dj(xni
) < tj for a threshold tj for class j. The threshold tj is

computed using the intra cluster distances for each cluster j and setting a high percentile of these

distances as the threshold. By doing so, the algorithm learns different thresholds for different

clusters and is controlled only by a single percentile scalar which generalizes across different

dataset setups.

A test sample, xni
is classified as an OOD sample to Xc, if all of the detectors for the

clusters classify it as OOD. All in-distribution samples are classified using our classifier and their

corresponding labels lie in Ŷc. The samples are subsequently added to Ic.

4.2.4 Clustering

We now overcluster samples remaining in In by running K-Means on the feature set Xn.

We form a high number of clusters in order to get clusters with high purity. Once the clusters are

obtained, they are added to the clustered set Ic. Their new labels, corresponding to the cluster

labels, are added to Ŷc.

At the end of this stage, no samples remain in the non-clustered set. More importantly, as

we generate a large number of clusters, it makes the clustered set highly fragmented. In order

101



to reduce the number of clusters and improve the purity of the clusters we perform a merge and

refine step as explained in the following section.

4.2.5 Merge and refine

Overclustering results in a highly fragmented cluster set which could belong to the same

class. To deal with this, a merge step is performed. Anything less than an ideal merge step results

in impure clusters. To improve the purity a refine step is also performed. We discuss these in

detail below.

4.2.5.1 Merge

We merge clusters in Ic using a 1-Nearest Neighbour graph. We obtain centroids, uj , for

each cluster j ∈ [N ] (N is the number of clusters) by averaging the features of all samples in the

cluster. Using the hashing described in Section 4.2.3 for each centroid, we define the distance

between two centroid feature vectors ui and uj , d(ui,uj), as the Hamming distance between

their corresponding hashes uiH and ujH . We use the centroid distances between every pair of

clusters to create a directed 1-Nearest Neighbour graph with each node representing a cluster

centroid. A directed edge is present from one node to another if the latter node is the nearest

neighbour centroid of the former node. Strongly connected components are computed for this

graph and each connected component in the graph is considered to be a merged cluster. This

stage generates a new set of labels, Ŷc, for the clustered set Ic.
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Table 4.1: List of GANs trained on the corresponding 4 real datasets used in our labeled and discovery set.
Note that the same GAN can be trained on multiple datasets.

Dataset Labeled GANs Discovery GANs

CelebA[173] StarGAN[174],
AttGAN[175]

StarGAN, BEGAN[176],
ProGAN[177], SNGAN [178],
AttGAN, MMDGAN[179],
CramerGAN[180]

CelebA-HQ
[177]

ProGAN,
StyleGAN[181]

ProGAN, StyleGAN,
ResNet19[182]

ImageNet [66] BigGAN[183],
S3GAN[184]

BigGAN, S3GAN, SNGAN

LSUN
Bedroom [185]

ProGAN,
MMDGAN

ProGAN, MMDGAN,
SNGAN

4.2.5.2 Refine

As the merge step is not ideal, it reduces the average purity of the clusters. In order to

increase it, a refine step is performed to remove impure samples from each cluster. As the ground

truth labels are unknown, SVM classifiers are leveraged to obtain a proxy measure for purity.

[186, 187] show that weak SVM classifiers can be fit to a single positive instance with the

remaining samples as negatives. Therefore, we use this formulation of weak classifiers that can

fit to the majority class distribution of a cluster and mark the samples which do not belong to the

majority class as negatives.

For each cluster j ∈ [N ], an SVM classifier, Qj , is trained in a one-vs-all manner, where the

positive samples belong to cluster j while the rest of the samples in the clustered set are negative

samples. After training Qj , we use the SVM to predict the labels for samples in cluster j as

positive and negative. The samples which are predicted negative are then rejected and added

back into the non-clustered set In. If the percentage of predicted positive samples by Qj in

cluster j is below a threshold ϵ, the entire cluster is discarded and all the samples are added to In.

Additionally, some refined clusters might have very few samples and the class distribution
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for training the network in the next iteration could become long tailed. In order to avoid this

issue, we threshold clusters based on their sizes and discard those below a size threshold τ into

In.

After the refine step we have a new set of clustered images with their corresponding pseu-

dolabels. These are used along with the seen class train data Is in order to train the network for

the next iteration.

4.2.6 Cluster set initialization

The start of every iteration of our pipeline requires a clustered set Ic along with the seen

labeled set Is. For the first iteration, as we do not have any pseudolabels for the discovery set It,

we train our network using only the set Is and their corresponding ground truth labels Ys. Our

OOD detection step then determines whether images in It belong to the seen classes Ys or not.

In-distribution samples are classified and are added to the clustered set Ic while OOD samples

are added to In. At the end of this stage, we now have a clustered and non-clustered set for the

discovery set images. The rest of the stages of our pipeline, i.e., K-Means Clustering, Merging

and Refinement proceed as explained in the previous sections using the initialized Ic and In.

The refine step then produces a set of images in the clustered set with their corresponding cluster

labels as pseudo-labels which are used to train the network for the next iteration. Additionally,

at every iteration t, the feature extractor is initialized with the weights of the previous iteration

t − 1. The classifier is replaced with a new linear layer with weights randomly initialized as

number of classes, which is dependent on number of clusters N , change across iterations. The

algorithm then proceeds for a few iterations until fraction of undiscovered samples fall below a
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small threshold.

4.3 Experiments

We now evaluate our approach on real world dataset setups while providing detailed anal-

ysis of the several components of our pipeline. In Section 4.3.1, we describe the implementation

details. Our labeled dataset consists of images from 4 real datasets as well as from certain GANs

trained on these real datasets as shown in Table 4.1. Together, they make up 12 classes in the

labeled set. Our discovery set consists of additional images from these 12 classes as well as from

8 unseen GANs as shown in Table 4.1 making up a total of 20 classes. We use, by default, this

dataset for all our experiments unless mentioned otherwise. Note that the same GAN trained on

different datasets corresponds to different classes. Section 4.3.2 shows extensive comparisons

with other related works on GAN attribution and real/fake image detection. Section 4.3.3 pro-

vides several insights into our algorithm and also analyzes several components of our pipeline.

Subsequently, we examine the results of our pipeline on varying dataset setups. Section 4.3.4.1

shows an analysis of number of GANs needed in our labeled set to reliably discover new GANs in

the discovery set. Section 4.3.4.2 changes number of unseen real datasets as well as correspond-

ing GANs in the discovery set and shows the effectiveness of our approach to discover these new

classes.

4.3.1 Experimental details

For our feature extractor, we use the standard ResNet-50 [188] backbone. We add 3 fully-

connected layers to reduce the dimensionality of the feature vector to 128. Another fully con-
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nected layer is used as the classification head on top of the feature extractor. The full network is

trained in a supervised manner and using cross entropy loss. Every image is resized and center

cropped to 256× 256 except when specified otherwise. We use a batch size of 256 for our train-

ing for each iteration of the pipeline. The weights are optimized using the Adam optimizer with

β1 = 0.9, β2 = 0.999 and a fixed learning rate of 0.0001 throughout our training. For the first

iteration, we train our network for 50 epochs, while for subsequent iterations we train for 100

epochs, as the network takes longer to converge with additionally discovered samples with noisy

pseudo labels. For our OOD detection step using WTA hash described in Section 4.2.3, we use

H = 2048 hashes and a window size of K = 2. Our clustering stage uses the K-Means algorithm

for 500 clusters initialized using K-Means++ [189]. For the refine stage, we train SVMs with

the RBF-kernel. We set the threshold, ϵ = 0.5, for dropping a cluster, as described in Section

4.2.5.2. To avoid training on clusters with very few samples, we discard clusters with less than

100 members.

Metrics and analysis: We evaluate our pipeline on 2 clustering metrics. We use Average

Purity as a metric for evaluating the overall purity of our clusters with respect to the true labels

of the discovery set. We also use Normalized Mutual Information (NMI), which is another com-

monly used clustering metric. At various stages or iterations of our pipeline, a small fraction of

the discovery set samples remain non-clustered and in order to provide a fair evaluation across

different experiments/baselines we attribute all the non-clustered samples to their nearest clusters

and evaluate on the full discovery set, unless mentioned otherwise.
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Table 4.2: Comparison of our method with baselines derived from [2, 3, 4]. We try two fixed setups
for number of clusters k = 20, 500 and finally let our approach discover the suitable number of clusters
k = 209. Compared to the 2 baselines, we obtain the highest Average Purity and NMI when number of
clusters k = 209. Ours [only §3.2] corresponds to a single iteration of network training and clustering.
The fully supervised setup is the upper bound when all classes are seen.

Method
k = 20 k = 500 k = 209

Avg. Purity NMI Avg. Purity NMI Avg. Purity NMI

Yu et al. [2] 0.656 0.706 0.759 0.518 0.734 0.554
Han et al. [4] 0.680 0.709 - - - -
Wang et al. [3] 0.710 0.759 0.857 0.575 0.840 0.624
Ours [only §3.2] 0.661 0.743 0.814 0.561 0.795 0.609
Ours - - - - 0.861 0.724
Fully supervised 0.928 0.929 0.996 0.658 0.997 0.728

4.3.2 Benchmark Evaluation

As there exists no prior work dealing with open-world GAN discovery, we provide base-

lines by modifying recent works involving GAN attribution [2] and real/fake image detection [3].

We additionally include the recent approach of [4] which deals with novel category discovery.

Yu et al. [2] deals with GAN attribution in a closed-world setup and hence cannot be di-

rectly incorporated to our problem setup. Therefore, we train their network on our labeled set

and obtain features for our discovery set. We cluster the features using K-Means for 3 different

values of k. k = 20 corresponds to the true number of classes in our test set while k = 500

corresponds to an overclustered regime. k = 209 represents the number of clusters our algorithm

returns at the end of 4 iterations. We compare across multiple values of k as Average Purity and

NMI are known to be sensitive to number of clusters.

Wang et al. [3] tackles real/fake detection and again cannot be directly used in our problem

setup. Therefore, we modify their classification head to be multiclass and train their network

107



on our labeled set using their training and preprocessing strategies and extract the features for

our discovery set. We provide three similar baselines by performing clustering similar to the

baselines generated from [2].

Han et al. [4] discover novel visual categories but require the discovery set to only contain

unseen classes. We therefore use our anomaly detection approach on their features to separate

out the seen and unseen classes whose cluster assignments are then predicted separately using

their approach. As they require knowledge of number of unseen classes for their predictions, we

compare with the k = 20 setup which corresponds to the true number of classes.

Finally, we provide a baseline for our approach by performing network training and clus-

tering the feature space into k = 20, 500, 209 clusters. We also provide an upper-bound for our

approach using a fully supervised case where the labeled set consists of images from all classes

in the discovery set and perform clustering on the generated features.

The results for these comparisons are provided in Table 4.2. Our algorithm achieves the

highest Average Purity and NMI compared to all other baselines for the case of k = 209. For

k = 20, 500, [3] outperforms a single iteration of network training and clustering because it

does not involve OOD detection, merge or refine for this comparison. However, at the end of

4 iterations, for the case of k = 209, we significantly outperform all baselines in terms of both

Average Purity and NMI. The fully supervised approach provides an upper bound for all 3 cases.

Note that we do not compare across number of clusters as Average Purity increases in general

with more clusters while NMI decreases.
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Table 4.3: We analyze the effect of the various stages of our pipeline. The number of clusters in the merge
step decreases with negligible drop in Avg. Purity and increased NMI. The Refine step further increases
the NMI and Avg. Purity by a big margin for the discovered samples. Note that the numbers corresponding
to all samples in the refine step are included for the sake of fair comparison but are not actually computed
by our approach.

Stage No. of clusters Avg. Purity NMI

Clustering 512 0.793 0.682
Merge 391 0.792 0.689
Refine (Discovered) 111 0.849 0.838
Refine (All) 111 0.772 0.720

Table 4.4: We evaluate our algorithm over multiple iterations. Avg. Purity, NMI and % of discovered
samples progressively increases.

Iteration
Avg.

Purity NMI
% Samples
Clustered

Sources
Discovered

1 0.772 0.720 72.5 16/20
2 0.853 0.724 88.8 20/20
3 0.861 0.724 92.3 20/20
4 0.861 0.724 93.7 20/20

4.3.3 Ablation Study

We evaluate the effect of Clustering, Merge, and Refine stages in the first iteration of our

pipeline. The results are summarized in Table 4.3. Note that the Average Purity drops only

slightly in the merge step while the number of clusters drop significantly demonstrating the ef-

fectiveness of the 1-NN merge step explained in Section 4.2.5. From the merge to the refine

step, Average Purity drops for the full discovery set as many samples remain undiscovered and

we evaluate the metric over the full discovery set by naı̈vely attributing them to the nearest clus-

ter. However, the metrics evaluated on only the discovered samples increase significantly which

shows that SVMs can identify the pure clusters and samples while rejecting the impure ones.

Next, we evaluate our pipeline over multiple iterations. We show the results in Table 4.4.
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The pipeline discovers only a small fraction of images and GANs in the first iteration while in

subsequent iterations, more samples are added to the clustered set and more GANs are discovered.

Average Purity and NMI both increase or remain constant over the four iterations which shows

the effectiveness of our approach to discover as well as improve clusters. Our OOD stage obtains

an accuracy of 86.97% for seen classes, 99.87% for unseen classes and 92.87% overall. The high

unseen class accuracy is because of setting a lower threshold to reduce false negative errors which

do not get corrected in subsequent stages.

4.3.4 Varying dataset setups

In this section, we provide an analysis by varying the dataset setups based on number of

GANs per real dataset in the labeled set or on adding new real datasets and GANs trained on

them in the unlabeled set.

4.3.4.1 Effect of number of GANs per dataset

We answer the question of how many GANs per dataset are needed in our labeled set

to reliably discover new ones in our discovery set. We have 3 labeled dataset setups: 1) Our

first setup consists of 4 real datasets: CelebA, CelebA-HQ, ImageNet and LSUN-Bedroom with

no GANs; 2) In addition to the 4 datasets in the first setup, our second setup has 4 GANs:

StarGAN, ProGAN, BigGAN and MMDGAN trained on the respective datasets; 3) In addition

to the previous setup, we have 4 more GANs per dataset: AttGAN, StyleGAN, S3GAN and

ProGAN.

In order to fairly evaluate the 3 setups, we use a common discovery set consisting of all the
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Table 4.5: Varying number of GANs per dataset. We obtain the best metrics with the maximum number
of GANs per dataset although discovering fewer samples compared to the first setup.

# of
GANs

Avg.
Purity NMI

% Samples
Clustered

Sources
Discovered

0 0.497 0.559 99.78 8/12
1 0.897 0.772 94.48 11/12
2 0.954 0.789 95.98 11/12

Table 4.6: Effect of adding new datasets and GANs trained on new datasets at test time. (*) provides the
corresponding comparison when the real datasets are present in the labeled set (Sec. 4.3.4.2)

Test Set Purity NMI
Sources

Discovered
# of

Clusters

New Real 0.942 0.813 14/16 103
New Real* 0.989 0.989 15/16 56

New GANs 0.976 0.828 16/16 105
New GANs* 0.95 0.835 15/16 87

New Real + New GANs 0.850 0.730 20/20 141
New Real + New GANs* 0.977 0.856 19/20 128

classes in the second setup. Additionally, we have a set of GANs not present in all 3 labeled sets,

namely, BEGAN, ResNet19 (from CompareGAN [182]), SNGAN and CramerGAN correspond-

ing to the 4 real datasets. The results are summarized in Table 4.5. Due to most information

being present in the labeled set, the third setup performs best on both Average Purity and NMI.

Despite the second setup having only a single GAN per dataset, it performs fairly well on the two

metrics. On the other hand, the first setup, which does not have any GANs in the labeled set, fails

to discover new ones as it cannot see any GAN-related artifacts in the labeled set and thus fails

to discriminate based on this during discovery.
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4.3.4.2 Discovering new dataset images

In an open-world setting, the discovery set may contain images from new real datasets not

seen in the labeled set along with GAN generated images corresponding to these datasets. To see

whether the proposed approach can handle these situations we perform experiments covering 3

setups. Each setup uses the default labeled set in Table 4.1 but additional classes in the discovery

set as follows: 1) New real datasets: New real datasets namely DTD [190], FashionGen [191],

and Night and Shoes datasets (from Pix2Pix [192]); 2) GANs on new real classes: New GANs

trained on the four new real world datasets, namely, ProGAN on DTD, DCGAN [193] on Fash-

ionGen, and a separate Pix2Pix on Night and Shoes datasets; 3) New Real + New GANs: A

combination of GANs and real datasets from the previous two setups.

In order to provide a benchmark for comparison, we show the performance when the four

real datasets are in the labeled set (marked with a *). The results are shown in Table 4.6. In the

first setup the goal is to discover new dataset sources. Our approach discovers most of the sources

with high Purity and NMI, although it’s performance is lower than the benchmark as expected

because the labeled set for the benchmark contains all the classes present in the discovery set. In

the second setup, our method discovers all unseen GANs even though they are trained on unseen

datasets unlike the benchmark which does slightly worse in terms of Avg. Purity and number

of GANs discovered likely because of the reduced number of final clusters. The third setup is

more challenging due to the addition of both unseen datasets and GANs trained on them to the

discovery set. However our approach discovers all unseen sources with reliable Average Purity

and NMI while its corresponding benchmark does not discover all sources possibly because it

restricts itself to lesser but purer clusters with higher NMI.
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Table 4.7: Evaluation of our algorithm in an online setup. We have 17 sources in our initial discovery
set and add 3 sources each at iteration 3 and 5 causing an initial drop in results. The pipeline eventually
performs better after training on the new samples.

Iteration
Avg.

Purity NMI
% Samples
Clustered

Sources
Discovered

1 0.846 0.826 89.39 15/17
2 0.916 0.798 92.42 16/17
3 0.805 0.771 95.74 18/20
4 0.805 0.744 96.87 19/20
5 0.731 0.716 95.68 22/23
6 0.802 0.705 95.36 22/23

4.3.4.3 Online discovery

Here we extend our approach to an online setup where new GANs are added to the dis-

covery set in an online fashion based on the chronological order they were published. Our setup

consists of 9 GANs from 4 real sources in our labeled set and 4 new GANs in the discovery

set. We additionally introduce 2 sets of 3 GANs each in an online fashion. We show our results

in Table 4.7. We train our setup for 2 iterations with the initial discovery set of 17 sources. It

can be seen that Average Purity increases in the second step and it also discovers an additional

GAN source. When new GANs are introduced in iterations 3 and 5, the performance drops as the

network is not trained on the new classes. However, after a single iteration the Average Purity

increases significantly and NMI drops only slightly even though number of clusters increase. At

the end of 6 iterations, we discover all the GAN sources added on the fly, except one. This shows

that our approach works in an online setting, continuously discovering new GANs iteratively.
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Cluster 2 (CramerGAN-CelebA) Cluster 3 (SNGAN-ImageNet) Cluster 4 (SNGAN-LSUN)Cluster 1 (ResNet19-CelebA-HQ)

Figure 4.3: Samples from clusters discovered by our approach for unseen GANs with the majority class in
parenthesis. It can be noticed that they are not just focusing on the object structure and semantics rather
the underlying source.

4.3.5 Real/Fake detection

We now apply our method to the common problem of real/fake detection. We use the

binary classification model from [3], but trained on our labeled set and use majority voting to

mark a cluster and all its constituent images as real or fake. We compare this with using the

model directly on all samples and compare the performance in Table 4.8 for our original setup

and for the three setups defined in Sec. 4.3.4.2. We observe that in most settings, we outperform

the standard predictions which are evaluated sample-wise. We attribute it to the fact that the

clustering is able to correct model’s mistakes as it groups samples according to the source. As

cluster assignments are less accurate due to increased difficulty of the final setup, our performance

is lower but nevertheless, competitive with [3].

4.3.6 Qualitative analysis of clusters

We visually inspect a few clusters generated by our method to see whether they focus on

the semantic information or the GAN source. To this end we visualize random images from

some of the highly pure clusters corresponding to unseen GANs trained on ImageNet, LSUN-

Bedroom, CelebA and CelebA-HQ. As evident from Fig. 4.3 the cluster in the case of SNGAN-

ImageNet does not seem to be object-specific, while the cluster for SNGAN-LSUN does not
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Table 4.8: We evaluate the real/fake detection accuracy (%) using the clustering obtained from our network.

Approach Original New Real New GANs
New Real +
New GANs

Wang et al. [3] 92.56% 87.35% 98.42% 89.09%
Ours 98.62% 89.84% 99.10% 83.33%

focus on specific room decor, lighting conditions, layout etc. Similarly, clusters corresponding to

the face datasets seem to be focusing on the GAN source rather than specific facial attributes like

expression, orientation, age etc.

4.4 Discussion

We proposed a new problem of open-world GAN discovery and attribution. We presented

an iterative approach to discover and attribute images from multiple GAN sources in a discovery

set. Our framework discovers and groups GANs not seen during training by implicitly focus-

ing on GAN-based fingerprints. We show ablation studies for the different components of our

pipeline. We also show the generalization of our approach to various dataset setups and its exten-

sion to an online setting. As there have been no works addressing this problem, we compare with

several baselines based on state-of-the-art related works and provide a strong benchmark for this

task. Even though our approach works in an online setup, network training is an expensive step

for each iteration. One potential direction for future work is to utilize approaches from contin-

ual learning literature [194] for faster training, to learn in a never-ending setup discovering new

GANs on-the-fly. We hope, given the general formulation of the stages, our framework is utilized

for other similar tasks as well. To facilitate such exploration of different scenarios we plan to

release the toolset we have developed for our work to bolster future research in this area.
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4.5 Appendix

4.5.1 Additional experimental details

For our feature extractor, we use 3 fully-connected layers. Each fully connected layer is fol-

lowed by the ReLU activation unit and Dropout with a drop probability of 0.5 during train phase

for regularization. The first layer maps the input 2048 dimensional vector to 512 dimension. The

second layer maintains the number of activation units at 512 while the third one downsamples it

to 128 which is the final dimension of the feature vector we use for subsequent stages. For all

our experiments in the supplementary, we train on 128 × 128 sized images. We set a percentile

threshold of 0.9 for our out-of-distribution detection stage. Our cluster merging algorithm using

the 1-Nearest Neighbour Graph is a 2 staged setup which initially merges the newly obtained

clusters from K-Means in the previous stage and then merges the entire clustered set. We adopt

this 2 staged setup as K-Means overclusters the discovery set and requires merging before merg-

ing with the clusters in the clustered set. For training SVMs, we use the GPU-accelerated library

of ThunderSVM [195].

4.5.2 Additional dataset details

Table 4.9 summarizes the class-wise train and test splits used across our experiments. We

use a variety of images for multiple image sources to more closely simulate a real world setup.

Note that some train images are not used depending on the dataset setup where the image sources

could only belong in the discovery set.

Our online dataset setup defined in Section. 4.4.3 of the paper consists of GANs in the chrono-
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logical order they were published or introduced. We have an initial labeled and discovery set as

defined in Table 4.10. After running our pipeline for 2 iterations on this set, we add 3 more GANs

to the discovery set: BigGAN and SSGAN [196], both trained on ImageNet, StyleGAN trained

on CelebA-HQ. We run our pipeline for 2 more iterations on the new discovery set, and add 3

more GANs: ResNet19 and StarGAN-v2 [197], both trained on CelebA-HQ, S3GAN trained

on ImageNet. This is followed by 2 more iterations of network training resulting in a total of

6 iterations for the full online setup. The numbers are as reported in Section 4.4.3 of the main

paper.

4.5.3 Additional baseline comparisons

Section 4.2 of the paper provides comparisons with baselines derived from the works of [2]

and [3] by training their methods on our dataset in a multiclass manner. We additionally provide

baselines by using features from the pretrained models provided by them which were trained on

their datasets. We provide results by performing K-means clustering on the features for k = 20

and k = 500 similar to the baselines derived in Section 4.2. The results are shown in Table 4.11

(denoted by *). It can be seen that the features don’t generalize across datasets and does worse

than the baselines reported in the paper on both the metrics of Average Purity and NMI. Also,

as [3] primarily deals with only real-fake classification, we train their method on our dataset but

only on the binary real-fake classification task and extract their features. We show the results

based on clustering the features for k = 20 and k = 500 and reporting results in Table 4.11 (de-

noted by ). We see that features generated from the binary classification problem do worse than

the multiclass case. This is because the binary classification problem only discriminates between
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Table 4.9: List of GANs trained on the corresponding 4 real datasets used in our labeled and discovery set.
Note that the same GAN can be trained on multiple datasets.

Dataset Image Source
# of Images

(Train)
# of Images

(Test)

CelebA

Real 20k 10k

StarGAN 20k 5k

AttGAN 20k 10k

BEGAN 20k 10k

ProGAN 20k 10k

SNGAN 20k 10k

MMDGAN 20k 5k

CramerGAN 20k 10k

CelebA-HQ

Real 20k 10k

ProGAN 20k 10k

StyleGAN 20k 5k

ResNet19 20k 10k

ImageNet

Real 20k 10k

BigGAN 20k 5k

S3GAN 20k 10k

SNGAN 15k 10k

LSUN-Bedroom

Real 20k 5k

ProGAN 20k 10k

MMDGAN 20k 5k

SNGAN 20k 3k

CramerGAN 20k 10k

DTD
Real - 10k

ProGAN 20k 5k

FashionGen
Real 20k 10k

DCGAN 20k 5k

Night
Real 15k 5k

Pix2Pix 15k 10k

Shoes
Real 20k 3k

Pix2Pix 20k 10k
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Table 4.10: Initial labeled and discovery set for our online setup.

Dataset Labeled GANs Discovery GANs

CelebA BEGAN,
MMDGAN,
CramerGAN,
ProGAN

BEGAN, MMDGAN,
CramerGAN, ProGAN,
StarGAN, AttGAN,
SNGAN

CelebA-HQ ProGAN -
ImageNet SNGAN -
LSUN
Bedroom

ProGAN,
MMDGAN,
CramerGAN

ProGAN, MMDGAN,
CramerGAN,SNGAN

real and fake image sources while grouping the different fake image sources together. This causes

less discrimination between the fake image sources harming the clustering performance. We also

provide a baseline (denoted by #) using our approach but adding JPEG and blur augmentations as

used by [3]. We see that this degrades the performance compared to our original approach likely

because these augmentations destroy valuable high frequency information used for discriminat-

ing between GAN sources. Since the baseline performance was lower in these evaluations we did

not include them in the main paper.

4.5.4 Out-of-distribution detection

In this section, we provide more details on the WTA hash and also a comparison between

cosine based distance and the WTA hashing based hamming distance for out-of-distribution de-

tection. Additionally, we compare our approach with another popular out-of-distribution algo-

rithm [5] and show that our algorithm performs well on their reported benchmarks. Finally, we

analyze the effect of the percentile threshold used in our approach.
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Table 4.11: Comparing the proposed approach with additional baselines from [2, 3]. * represents the
pretrained features used for clustering while denotes the features obtained from binary classification, the
original task of [3]. We also provide a baseline (denoted by #) using our approach but with JPEG and
blur augmentations as used by [3]. This does worse on both clustering metrics compared to our original
approach.

# of
clusters Method Avg. Purity NMI

20
Wang et al.[3]* 0.1946 0.2042
Yu et al.[2]* 0.4529 0.4543
Wang et al.[3] 0.3841 0.4434

500
Wang et al.[3]* 0.2929 0.2004
Yu et al.[2]* 0.5947 0.3916
Wang et al.[3] 0.6082 0.4334

258 Ours# 0.7696 0.6249
266 Ours 0.8216 0.6552

4.5.5 WTA hash details

The WTA hashing algorithm proceeds as follows. Suppose a single feature vector x has a

dimension d. We generate H different permutations pi, i ∈ {1, ..., H} of indices {1, ..., d} and

then apply each of these permutations to x to get a set of vectors {x′
i}Hi=1. For each vector x′

i,

we take the first K elements, for a window size K, and obtain the index of the max element. The

Table 4.12: Comparison of our approach using WTA hash with ODIN [5]. The in-distribution dataset is
CIFAR-100 which is used to train a DenseNet. We evaluate our method on the same metrics reported in
[5]. The numbers reported are in the format of ”ODIN/Ours”. All values are in percentages. ↑ implies that
the larger value is better while ↓ implies smaller value is better. We outperform ODIN on all OOD datasets
and metrics excluding LSUN (crop).

Out-distribution dataset FPR at 95% TPR ↓ Detection error ↓ AUROC ↑ AUPR In ↑ AUPR Out↑
Tiny-ImageNet (crop) 26.9/18.8 12.9/10.2 94.5/96.4 94.7/96.6 94.5/96.3
Tiny-ImageNet (resize) 57.0/20.2 22.7/10.6 85.5/96.2 86.0/96.3 84.8/96.1
LSUN (crop) 18.6/32.1 9.7/14.0 96.6/93.8 96.8/94.2 96.5/93.7
LSUN (resize) 58.0/17.3 22.3/9.6 86.0/96.8 87.1/97.0 84.8/96.7
iSUN 64.9/28.3 24.0/12.6 84.0/94.8 85.1/95.2 81.8/94.6
Gaussian 100.0/0.0 17.9/0.1 99.5/100.0 87.5/100.0 65.1/99.8
Uniform 100.0/0.0 38.0/0.0 40.5/100.0 60.5/100.0 40.9/99.9
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set of these H indices (one for each permutation) yields a new vector xH . Note that xH is a H

dimensional vector with its elements taking integral values in [0, K − 1]. The distance between

two feature vectors is then defined as the hamming distance between their corresponding hashes.

4.5.5.1 Cosine based distance details

We compare the in-distribution, out-distribution and overall accuracy of our algorithm for

the 12 seen classes (as described in Table 1 of the paper) using the WTA hash distance and

a cosine-based distance. The results are shown in Table 4.13. As the number of samples in

our in-distribution is roughly the same as number of samples in our out-distribution, we use

standard accuracy as our metrics for comparison. In-distribution accuracy refers to the accuracy

on all the samples in the discovery set which belong to the 12 seen classes while out-distribution

corresponds to those belonging to the 8 unseen classes. Net accuracy is the overall accuracy on

the full discovery set. We see that using the hash outperforms cosine based distance in terms of

the net accuracy and in-distribution accuracy. It performs lower than the cosine-based distance

in terms of the out-distribution accuracy but with only a small difference. This is because of an

inherent tradeoff between in-distribution and out-distribution accuracy based on the percentile

threshold.

4.5.5.2 Related works comparison for OOD

We now compare our approach with the popular out-of-distribution (OOD) approach called

ODIN [5] on their benchmark. We show results using features extracted from DenseNet trained
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Table 4.13: Comparison of our OOD step using WTA hash or cosine distance. We see that the WTA
hash consistently outperforms the cosine-based distance at all 4 iterations of training even though it drops
slightly on the out-distribution accuracy.

Iteration
In-distribution
Accuracy (%)

Out-distribution
Accuracy (%)

Net
Accuracy (%)

1 86.02/91.74 93.26/89.35 89.33/90.65
2 83.49/88.33 98.36/97.63 90.22/92.58
3 81.14/85.37 99.32/98.34 89.45/91.3
4 79.11/82.94 99.10/99.12 88.27/90.33

Table 4.14: Comparison between using the WTA hash based hamming distance or the cosine based dis-
tance for computing the 1-NN graph during merge step. We analyze the performance directly at iteration
1 and also at the end of 4 iterations for both stages of merge and refine.

#iter. Stage
Avg.

Purity NMI
% Samples
Discovered

# of Sources
Discovered

# of
clusters

1
Merge 0.791/0.793 0.642/0.646 - - 433/383

Refine 0.776/0.780 0.671/0.666 74.70/76.54 4/5 167/180

4
Merge 0.820/0.825 0.635/0.647 - - 618/432

Refine 0.819/0.823 0.651/0.655 91.80/94.76 8/8 294/266

Table 4.15: Reducing number of clusters for K-Means (K) by almost half at each iteration. Average Purity
and NMI does not change drastically compared to our default setup.

Iteration K Avg. Purity NMI

1 500 0.695 0.6756
2 250 0.7877 0.6572
3 125 0.8086 0.6484
4 60 0.8056 0.6399

Ours (Default) 0.8216 0.6552

Table 4.16: We Naı̈vely recluster the test set after each training step and use them as pseudolabels for
retraining. Compared to our original approach, a significant drop in Average Purity and NMI is observed.

Step
Avg. Purity NMI

Reclustering Ours Reclustering Ours

1 0.7858 0.7803 0.5402 0.6658
2 0.7803 0.8183 0.5383 0.6625
3 0.7597 0.8211 0.5289 0.6595
4 0.7303 0.8216 0.5112 0.6552
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Table 4.17: Effect of the percentile threshold for OOD on the final performance. The default value for our
experiments is 0.9. For all the thresholds, all sources were discovered.

β Avg. Purity NMI
# of

Clusters
% Samples
Discovered

0.7 0.7952 0.5842 449 0.9226
0.8 0.8087 0.6135 376 0.9234
0.9 0.8216 0.6552 266 0.9476

0.95 0.8268 0.6985 181 0.9358

on CIFAR-100. We evaluate on the various out-of-distribution datasets provided by the authors

of [5] and report our results in Table 4.12. We see that we outperform their algorithm on almost

all datasets except LSUN (crop). Additionally, our algorithm has very few hyperparameters

which require careful tuning and does not require a validation set. This shows that our approach

generalizes well to other dataset setups and can be used in general for the problem of out-of-

distribution detection.

4.5.5.3 Threshold analysis

We evaluate the performance of our pipeline when varying the percentile threshold which

was set by default to 0.9. We run our full pipeline iteratively for 4 iterations and report the

numbers for 4 different values of 0.7, 0.8, 0.9, 0.95. The results are summarized in Table 4.17.

Increasing the threshold has the expected result of decreased clusters as more samples in the dis-

covery set are called in-distribution and are attributed to existing clusters. However, the resulting

cluster metrics do not vary drastically in the neighbourhood of the default value of 0.9. This

shows that our pipeline is fairly robust to the percentile threshold which also intuitively transfers

across datasets. Our approach thus has a single easy to tune scalar which automatically varies the

threshold for the different seen classes or clusters.
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4.5.6 Clustering

We analyze the effect of the clustering, merge and refine stages of the pipeline, varying a

number of hyperparameters and show our pipeline’s robustness to these values with respect to the

final performance.

4.5.7 Effect of different number of clusters and number of rounds of merge and

refine

The k value chosen for K-Means changes the number of clusters that are passed on to the

merge step. Additionally, we try performing multiple rounds of merge and refine within a single

iteration, which decreases the number of clusters and improve purity. Table 4.19 summarizes the

effect of changing k and the number of rounds of merge and refine, r, for the pipeline. We see

that for a fixed r and different k’s, even though the number of clusters changes in the clustering

stage, the final number of clusters at the end of 4 iterations are similar and the performance on

Average Purity and NMI does not vary drastically. However, when we fix k and vary r we see

that final number of clusters show a visible drop and as expected NMI increases slightly while

Average Purity decreases.

4.5.7.1 Cosine distance based merging

Instead of using the hamming distance between the WTA hashes of the feature vectors, we

use a cosine based distance between feature vectors and compare the performance at the end of

the first iteration and also at the end of 4 iterations. Table 4.14 compares cosine and WTA based
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Sub-Cluster 1 (ResNet19-CelebA-HQ) Sub-Cluster 2 (ResNet19-CelebA-HQ)

Merged Cluster Merged Cluster
Sub-Cluster 1 (SNGAN-Imagenet) Sub-Cluster 2 (SNGAN-Imagenet)

Figure 4.4: Some example clusters merged by our approach during the merge step.

distance at both points in the pipeline at the end of both merge and refine steps. We see that the

WTA hash based distance marginally outperforms the cosine based distance at almost all points in

the pipeline. It also discovers a higher percentage of samples with fewer clusters demonstrating

its effectiveness in our pipeline.

4.5.7.2 Size threshold and SVM firing threshold

Next, we evaluate the effect of varying the size threshold, τ for discarding clusters at the

end of refine step, as well as varying the SVM fire threshold, ϵ, which also controls the number of

clusters (likely impure) being discarded. The results are summarized in Table 4.18. As expected

increasing τ or ϵ decreases the number of clusters as more samples are discarded. This comes

at the cost of fewer samples and GANs being discovered. However, the clustering metrics do

not vary drastically showing that our pipeline is robust to these hyperparameter values and can

generalize across varying datasets and sizes.
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Table 4.18: Effect of varying the size threshold (τ ) and SVM fire fire threshold (ϵ) on performance. The
default setting corresponds to τ = 100 and ϵ = 0.5.

τ ϵ
Avg.

Purity
NMI

Sources
Discovered

#
of Clusters

% Samples
Discovered

50
0.3 0.8178 0.6356 20/20 407 0.9695
0.5 0.8212 0.6326 20/20 434 0.9729
0.7 0.8223 0.6551 20/20 308 0.9549

100
0.3 0.8238 0.6451 20/20 293 0.9590
0.5 0.8216 0.6552 20/20 266 0.9476
0.7 0.823 0.6573 20/20 245 0.9237

200
0.3 0.8265 0.6731 20/20 166 0.8919
0.5 0.8197 0.67 20/20 161 0.9015
0.7 0.8233 0.686 19/20 138 0.8841

300
0.3 0.7849 0.7124 14/20 70 0.8643
0.5 0.8009 0.6992 13/20 89 0.8340
0.7 0.8055 0.7161 18/20 85 0.8638

4.5.7.3 Reclustering

We now evaluate the effect of removing the merge and refine steps from our pipeline. Our

pipeline consists of the usual network training followed by clustering. For each iteration, we

discard the old clusters and perform clustering again using K-Means on all the test set samples.

We then use the new clusters as pseudo-labels and retrain our network for improving the features.

It should be noted there is no OOD detection, merge or refine steps. This method is similar to

ClusterFit [163] who also use cluster pseudo-labels for network training. We analyze the results

in Table 4.16 by comparing with our original pipeline. We see that the performance drops by a

significant margin showing that it is crucial to maintain existing clusters and iteratively merge and

refine them while simultaneously improving the feature representations of the existing clusters.
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Table 4.19: Effect of varying the number of clusters k for K-Means along with the number of times merge
and refine (Additional Iters) is performed for each step. In the default setting Additional Iters is 0 as merge
and refine are performed once per step while k = 500.

K
Additional

Iters
Avg.

Purity
NMI

Sources
Discovered

% Samples
Discovered

# of
Clusters

100

0 0.7948 0.6722 20/20 0.9839 133
1 0.7952 0.6938 20/20 0.9876 104
2 0.7889 0.7016 19/20 0.9904 89
3 0.7627 0.7255 19/20 0.9835 66

200

0 0.8086 0.657 20/20 0.9762 199
1 0.8125 0.6798 20/20 0.9847 154
2 0.7944 0.6981 19/20 0.9749 105
3 0.7944 0.7085 20/20 0.9757 95

300

0 0.8142 0.652 20/20 0.9665 238
1 0.8051 0.6696 20/20 0.9486 163
2 0.802 0.6975 20/20 0.9602 121
3 0.7669 0.7046 17/20 0.9569 92

400

0 0.8175 0.6472 20/20 0.9494 281
1 0.814 0.6639 20/20 0.9637 196
2 0.8105 0.6817 20/20 0.9687 158
3 0.8005 0.7078 20/20 0.9679 113

500

0 0.8216 0.6552 20/20 0.9476 266
1 0.8249 0.6736 20/20 0.9532 195
2 0.8118 0.6887 20/20 0.9536 136
3 0.7862 0.691 20/20 0.9485 114

600

0 0.8264 0.6535 20/20 0.9396 279
1 0.8229 0.667 20/20 0.9545 212
2 0.8176 0.6854 20/20 0.9470 153
3 0.8039 0.6936 20/20 0.9459 121

700

0 0.8279 0.6572 20/20 0.9137 266
1 0.8294 0.6837 20/20 0.9115 172
2 0.8348 0.6887 20/20 0.9473 166
3 0.8233 0.6923 20/20 0.9382 139
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4.5.7.4 Effect of varying number of clusters

For most of our experiments we run the clustering using K-Means at a fixed value of k,

which is used for all iterations. As the number of undiscovered samples reduce as number of

iterations increases, we evaluate our pipeline’s performance by decreasing k after each iteration.

We thus, approximately halve the value of k after each iteration. The results are reported in

Table 4.15. We see that the performance does not change drastically compared to the default

setup which shows that our network does not heavily rely on the number of clusters used during

K-Means.

4.5.7.5 Qualitative Analysis

We now qualitatively show the effect of our merge step for a few clusters. The merge step

of our approach merges clusters belonging to the same class but are actually fragmented due to

overclustering from K-Means. We visualize two such clusters in Fig. 4.4. As we showed in the

main paper, our clusters focus on the GAN source rather than image semantics and the merge

step successfully combines clusters having the same majority GAN source.

4.5.8 Network Training

4.5.8.1 Effect of faster training

By default, we retrain all feature extractor weights every iteration. To reduce the cost of full

network retraining, we analyze finetuning only the final residual block of the ResNet-50 backbone

along with the subsequent fully connected layers of the feature extractor. We also analyze using a
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Table 4.20: Results on our setup with slight variations in our training.

Experiment # of Clusters Avg. Purity NMI # Sources Disc.

Ours (Original) 209 0.861 0.724 20/20
Ours (w/o merge) 257 0.841 0.712 19/20
Ours (Freeze) 229 0.850 0.691 19/20
MobileNet 70 0.846 0.773 15/20

lighter network such as MobileNet [198] for our network training and compare it with our original

setup. Additionally, we try to see the effect of removing the merge step from the pipeline The

results are summarized in Table 4.20. We see that there is a small drop in network performance

in terms of both Average Purity and NMI and it also fails to discover a single unseen source.

Constraining the network is likely to have restricted the network’s capability of improving the

discovery set features although it doesn’t have a significant impact. On the other hand, MobileNet

obtains a higher NMI because of much fewer clusters, albeit at the cost of not discovering most

of the unseen sources. This shows that very light networks are not as effective in obtaining

discriminative representations for discovering new sources. Also the performance without merge

is sub-par to our original approach which shows the importance of performing merge step to

group similar clusters together after over-clustering.

4.5.8.2 Effect of image size

By default, we resize and center crop all images to 256 × 256 in most of our experiments.

We compare results when image sizes are varied from 64 to 256 for network training. From Table

4.21, we see that increasing image size shows a marked improvement in all metrics. Therefore,

we hypothesize that model fingerprints are likely more detectable and distinguishable when the

image is resized to a higher resolution. However, this comes at the cost of increasing network
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Table 4.21: Results on our setup with varying image sizes.

Image Size # of Clusters Avg. Purity NMI # Sources Disc.

64 169 0.655 0.579 19/20
128 266 0.822 0.673 20/20
256 209 0.861 0.724 20/20

Table 4.22: Results on our setup with variations in training.

Experiment # of Clusters Avg. Purity NMI # Sources Disc.

Ours (Original) 209 0.861 0.724 20/20
Ours + Unseen seeds 216 0.842 0.702 21/22

training times and memory requirements (quadratically) which is infeasible in an online setup or

for very large scale datasets.

4.5.9 Multiple seed sources

[2] showed that training generators with different random seeds generate different distin-

guishable fingerprints in their images. We analyze whether we can discover new separate sources

when a single generator architecture is trained on the same dataset but with different seeds. Table

4.22 shows results comparing this setup with our original setup. We add 2 different seeds for

ProGAN for both CelebA and LSUN-Bedroom providing 2 new sources. Note that only a single

seed of ProGAN trained on LSUN-Bedroom is present in the labeled set while the other 3 sources

are unseen. The remaining classes are same as our original setup as described in Table 1 of the

main paper. We see that there is only a small drop in Average Purity and NMI although it fails to

discover a single unseen source.
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Part II: Data and Supervision Strategies in Generation
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Chapter 5: GRIT: GAN Residuals for Paired Image-to-Image Translation

Figure 5.1: We decouple the optimization of reconstruction and adversarial losses by synthesizing an
image as a combination of its reconstruction (low-frequency) and GAN residual (high-frequency) com-
ponents. The GAN residual adds realistic fine details while avoiding the pixel-wise penalty imposed by
reconstruction losses.

Generative Adversarial Networks (GANs) have had a revolutionary impact on generative

modeling and image synthesis. In their unconditional setting [8, 177, 199], GANs map a source

distribution, typically a unit Gaussian, to a target distribution (e.g., real images). At inference

time, random images can be synthesized by sampling latent codes from the source distribution

and passing them through a generator network. To provide user control over the synthesis process,

Isola et al. [192] proposed a GAN-based Image-to-Image (I2I) translation framework, which

conditions the synthesis process on an input image that describes certain attributes of the target

output. Therefore, I2I translation learns to map images from a source domain A to a target domain

B (e.g., semantic maps → scenes or sketches → photo-realistic images). I2I translation has

since been utilized for many problems in computer vision and graphics, such as inpainting [200],
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Figure 5.2: Comparing image realism between unconditional GANs and I2I translation. Left: Sample
output from StyleGAN [8] at 1024 × 1024 resolution. Right: I2I translation outputs from GauGAN [9]
at 256 × 256 resolution. Even at a lower resolution, I2I shows more noticeable artifacts compared to
unconditional GANs.

colorization [201, 202], super-resolution [203], image de-noising [204], rendering [205, 206,

207], and many more [208, 209, 210].

While unconditional GANs [211, 212] and class-conditional GANs [183] have reached

unprecedented visual quality, I2I translation lags behind in quality and realism. This is despite

the fact that it has more inputs and better supervision during training. For example, Figure 5.2

contrasts StyleGAN [8] (unconditional) and GauGAN [9] (I2I) which both came out around the

same time and from the same institution. Yet, there is a clear realism gap in favor of unconditional

GANs.

We are motivated by this realism gap between unconditional GANs and I2I translation. We

investigate the cause of this performance gap and trace it back to the difference in the training

objective between those two tasks. In unconditional GANs, the generated output is supervised

only by an adversarial loss Ladv, where a critic/discriminator network learns to score how realistic

the output looks. On the other hand, I2I translation relies on cyclic [213] and cross-cyclic [214,

215] reconstruction losses between the generated output and available ground truth images.
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Input L1 VGG VGG+GAN GT

Figure 5.3: Comparison between different I2I training objectives: Left is the input semantic layout. The
following columns show the output of networks trained with an L1 loss, VGG-based perceptual loss,
perceptual+adversarial (GAN) losses respectively. Last column shows the corresponding ground truth
image.

Thus the training objective of I2I translation optimizes a weighted combination of both an

adversarial loss, Ladv, and a reconstruction loss, Lrec. Reconstruction losses enforce a form of

pixel-wise matching between the ground-truth image IB and the output reconstruction ÎB. This

provides a strong supervisory signal which speeds up convergence significantly when compared

to unconditional GANs. However, we show that reconstruction losses are at odds with adversarial

losses, which does not lead to a sound optimization objective and causes visual artifacts in I2I

outputs.

Figure 5.3 shows the effect of optimizing different objectives for I2I translation. Optimiz-

ing an L1 reconstruction alone leads to very blurry outputs. While using a VGG-based perceptual

loss [216] achieves much better results, the output is not sharp and contains clear grid artifacts.

Adding an adversarial loss brings the output closer to the distribution of real images, but, in

many cases, artifacts can be spotted (e.g., around the hair, teeth and eyes). We hypothesize that
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directly optimizing a reconstruction loss on the output ignores a type of multi-modality in image

synthesis, which leads to visible artifacts. To motivate our hypothesis, Figure 5.4 shows how

GANs improves realism by simulating fine details found in real images, like local variations or

noise patterns found in the texture of real materials. There are infinite realizations of such noise

patterns that add realism to the output (e.g., skin freckles, pores and wrinkles, and linings of hair

strands). However, applying a reconstruction loss (Lrec) in traditional I2I frameworks penalizes

all these local variations and promotes a uni-modal solution where the generated image matches

the ground truth down to the pixel level. This leads to smoothed outputs and other noticeable ar-

tifacts that do not show in the unconditional GAN setup where no reconstruction loss is applied.

In this work, we address this problem and propose a modified architecture and training ob-

jective that relaxes the role of reconstruction losses to act as regularizers instead of doing all the

heavy lifting which is common in current I2I translation frameworks. Our formulation decouples

the optimization of adversarial and reconstruction losses. This enables our network to halluci-

nate local variations to add realism to the output while avoiding being penalized by reconstruction

losses. Although we investigate our proposal in a paired I2I setting, the idea can be extended to

unpaired I2I.

We summarize our contributions as follow:

• We study the realism gap between unconditional GANs and paired I2I translation, and shed

light on an important multi-modal aspect of image synthesis that we denote as local spatial

variations, which is overlooked and rather penalized in traditional I2I translation formulation.

• Through the proposed approach, we use GAN Residuals for Image-to-Image Translation (GRIT),
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Figure 5.4: Examples of multi-modal outputs (generated by our method) with local stochastic variations
that add realism and satisfy the GAN objective. Applying reconstruction losses in traditional I2I frame-
works ignores this type of multi-modality and penalizes such variations, which misleads I2I training.

and take the first step towards addressing the multi-modal nature of local spatial variations in

I2I translation. We utilize a modified architecture and training objective that models and en-

courages such multi-modality.

• We provide quantitative and visual evidence on the effectiveness of modeling local spatial

variations in paired I2I translation, and show that our proposed method improves upon strong

baselines.

5.1 Related work

Since the onset of the GAN era with the seminal work of Goodfellow et al. [199] there

have been multiple works [177, 178, 181, 183] to improve the synthesis quality and resolution

of images. Karras et al. [211] improved the quality of [181] by introducing better normalization
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and regularization and in the process reduced image artifacts and made inversion easier. [212]

went a step further to reduce aliasing and also proposed an approach which made representations

equivariant to rotation and translation. While these works try to learn the manifold of training

data to generate samples on it, there is another synthesis task of Image-to-Image (I2I) translation

which has been vastly explored and involves translating images from one domain to another. I2I

translation can be broadly grouped into two regimes based on the type of training data, unpaired

data or paired data.

Unpaired Image-to-Image Translation utilizes unpaired training data which does not have

pixel level correspondence between the domains. CycleGAN [217], DualGAN [218] and Disco-

GAN [219] proposed one of the first and most commonly used approaches for this involving a

cyclic loss to impose consistency between forward and backward translation for the same image.

UNIT [220] and SCAN [221] also utilize the cyclic loss but introduce a shared latent space and

multistage coarse to fine training respectively. TransGaGa [222] extends the cyclic loss to large

domain gaps by disentangling features into appearance and geometry latent space. On the uni-

directional (non-cyclic loss) end, approaches like DistanceGAN [223] train by maintaining dis-

tance between pairs of samples. GcGAN [224] enforces constraints on geometric transformations

preserving image semantics. CUT [225] proposes a multi-layer patch based contrastive learning

approach while MUNIT [214] and DRIT [226] disentangle representations into style and con-

tent. [227] also uses disentanglement but into texture and structure. More recently MSPC [228]

proposes a maximum spatial perturbation consistency based regularization.

Paired Image-to-Image Translation uses paired data making it possible to enforce pixel level

correspondence. One of the first works in this direction, Pix2Pix [192] proposed an L1 recon-

struction loss with a patch discriminator. Later, Pix2PixHD [229] improved it with higher reso-
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lution generation using coarse to fine generator and multi-scale discriminator. DNI [230] looks

at decoupling reconstruction and GAN losses but they end up training two separate models with

differing objectives and then interpolating between them by performing a weighted summation

to get a balance between both tasks. They also assume some level of correlation between the

parameters of the two networks for this to work and lack quantitative evidence for the efficacy

of their approach. SPADE [9] proposed spatially-adaptive normalization layer as vanilla nor-

malization washes away semantic information. SEAN [231] further proposed semantic region-

adaptive normalization layer to control style of each semantic region separately. CoCosNet [232]

jointly learns the cross domain correspondence and image translation, where both tasks facilitate

each other and thus can be learned with weak supervision. Later CoCosNetv2 [233] mitigated

the quadratic complexity issue in CoCosNet and enabled high-resolution correspondence using

PatchMatch [234]. Recently DINO [10] proposed an energy based cyclic framework to utilize the

conditional input. While MoNCE [11], presents a re-weighted patch based constrastive learning

framework. Unlike these works in our approach we disentangle the reconstruction and adver-

sarial (GAN) loss. Additionally, we also propose architecture modifications which enable us to

perform this disentanglement by separating the reconstruction supervised output and the residual

and in the process make better use of per-pixel spatial noise to learn more realistic and diverse

I2I translations.

5.2 Approach

The goal of reconstruction losses is to guide a generated output ÎB to resemble a target

ground truth image IB. While this is a desired behavior for I2I translation, a negative side ef-

138



Source Image ( )

Input Style / GT ( )

Reconstruction ( )

GAN Residual ( )

Output ( ) Ground Truth ( )
Feature

Maps

Upsample

Conv

Norm FC

Bias

Activation

Spatial
Noise

Figure 5.5: Left: : Overview of GRIT. Our network generates the output as the composition of a recon-
struction component ÎBrec and a GAN-residual component ÎBres. An L1 reconstruction loss is applied only to
the reconstruction component, while the GAN residual is supervised only through an adversarial loss Ladv.
Right: The generator’s upsampling block. We feed the encoded style latent zs through AdaIN layers, and
also add random spatial noise maps controlled by learnable weights W to the feature maps.

fect is that a reconstruction loss will also penalize high frequency deviations between ÎB and

IB. Therefore, this formulation ignores the multi-modal nature of synthesizing fine-grain texture

patterns, where there are infinitely many realizations of local high-frequency details (e.g., skin

texture or the location of hair strands as shown in Figure 5.4). Penalizing such local variations and

promoting a uni-modal solution thus causes artifacts and contributes to the realism gap between

unconditional GANs and I2I translation.

Through our approach GRIT, we make a first step towards addressing this overlooked multi-

modal aspect of image synthesis, and propose to decouple the optimization of reconstruction and

adversarial losses.

We present our formulation in Section 5.2.1 and associated changes to the loss function in

Section 5.2.2. Section 5.2.3 discusses how to explicitly model multi-modal local variations for

paired I2I translation.
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5.2.1 Formulation

We propose to generate an image ÎB as the composition of two components: a recon-

struction component ÎBrec, and an adversarial GAN-residual component ÎBres. During training, this

decoupling of ÎBrec and ÎBres allows the reconstruction component ÎBrec to focus on reconstructing

low-frequency details of the target real image IB, while the GAN-residual component ÎBres hallu-

cinates high-frequency details that add realism to the synthesized image ÎB. The final output is

generated as:

ÎB = C(ÎBrec, Î
B
res); ÎBrec, Î

B
res = G(IA, zs) (5.1)

where G(., .) is a generator network that maps an input image IA along with a style latent code

zs to its low- and high-frequency components ÎBrec, Î
B
res, and C(., .) is a composition operator that

combines both output components. We implement C as a simple addition. We also investigated

implementing it as a small CNN head that fuses ÎBrec, Î
B
res but found that simply adding the two

images works better in our case and is more stable to train.

Figure 5.5 gives an overview of our architecture. We implement the generator network as

a U-Net [235] architecture that consists of a content encoder EC and a decoder D. The decoder

network outputs both ÎBrec, Î
B
res. We further discuss the decoder architecture in Section 5.2.3.

To model style multi-modality, we follow the literature [9, 213, 236] by utilizing a style

encoder ES that learns to capture the style of an input image into a latent style code zs, which

is fed to the generator G via AdaIN layers [237] to specify the style of the output ÎB. Next,

we discuss our modification to the loss function to encourage the decomposition of ÎB into its

reconstruction and GAN-residual components.
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5.2.2 Loss function

Standard loss function of GAN-based I2I translation networks consists of a weighted sum

of a pixel-wise reconstruction loss Lrec and a discriminator-based adversarial loss Ladv.

Minimizing this loss does not take into account possible local variations, as it promotes

pixel-wise matching between the output ÎB and the ground truth IB, and thus only accepts one

solution and penalizes any high-frequency variations. To allow local variations, we aim to only

reconstruct the low-frequency components of a ground truth image IB, where low-frequency

components capture the general content and style of the target output. On the other hand, we

want the generator to have the freedom to add fine-grain details, represented by high-frequency

components, making the output photo-realistic.

We achieve this by modifying the loss to apply the reconstruction loss Lrec only to the

reconstruction component ÎBrec, while the adversarial loss Ladv is applied to the final output ÎB =

C(ÎBrec, Î
B
res). Thus, our modified training objective is given by:

minL(IB, ÎB, ÎBrec) = Ladv(Î
B, IB) + λrecLrec(Î

B
rec, I

B) (5.2)

With such modification, the reconstruction loss Lrec does not backpropagate into the GAN-

residual component ÎBres, and ÎBres therefore has the freedom to hallucinate high-frequency details

that add realism to generated images without being constrained to match pixel-level details of

ground truth images at training time. While the proposed loss function (Eqn. 5.2) allows high-

frequency deviations between IB and ÎB, this by itself does not encourage multi-modal synthesis

of local texture and other high-frequency details. In the next section, we discuss how to explicitly
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model the local-variations multi-modality into our network.

5.2.3 Multi-modal outputs

At training time, I2I translation networks peek at the target ground truth image IB and

encodes it into a flattened style latent code zs. However, due to the lossy nature of such com-

pression, it is impossible for the decoder to recover pixel-level spatial information (e.g., location

of hair strands) to reconstruct IB. Driven by the adversarial loss, the decoder hallicinates spatial

patterns to bring synthesized images closer to the manifold of real images. This requires the

decoder to devise a way to generate spatially-varying pseudo-random numbers from the input

flattened latent. This challenge was first raised in StyleGAN [8], where they showed that this

is inefficient and consumes much of the network capacity. To address this limitation, Karras et

al. [8] proposed to add per-pixel noise maps within each upsampling block in the decoder to

encourage synthesizing local variations of spatial patterns.

The use of spatial noise maps however did not transfer to the I2I translation literature.

This is because, unlike unconditional GANs, the application of reconstruction losses counteracts

the added spatial noise by suppressing it, leading to a uni-modal output. On the other hand,

decomposing the synthesis into its reconstruction ÎBrec and GAN-residual ÎBres components allows

for naturally adapting spatial noise maps to I2I translation by modeling local stochastic variations

in the GAN-residual component. This bridges the gap between unconditional GANs and I2I

translation since ÎBres is not affected by the reconstruction loss, and can therefore fully utilize

the added spatial noise. Adding spatial noise maps models the local variation multi-modality,

and enables generating multi-modal output for the same target image by sampling random noise
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maps.

Label Map DINO MONCE Pix2PixHD SPADE Ours Ground Truth

Figure 5.6: Qualitative comparison on CelebAMask-HQ dataset with DINO [10], MoNCE [11],
Pix2PixHD [12] and GauGAN/SPADE [9].

5.3 Experimental evaluation

Dataset. We perform our main evaluation on the CelebAMask-HQ dataset [238]. The dataset

contains 30, 000 high resolution face images along with their corresponding segmentation masks

which contain 19 semantic labels and are at a 512 × 512 resolution. We use the standard train

and test splits provided by Liu et al. [173]. We also show results on Edges2Handbags [239]

which contains 137K Amazon Handbag images and edge maps. All images and edge maps are

at 256× 256 resolution. Unless stated otherwise, all experiments and analysis are performed on
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Edge Map Pix2PixHD Ours Ground TruthSPADE

Figure 5.7: Qualitative comparison on Edges2Handbags dataset with Pix2PixHD [12] and SPADE [9].

the CelebAMask-HQ dataset [238].

Baselines. We compare our method with the following approaches: Pix2PixHD [229], SPADE

(also called GauGAN) [9], DINO [10] and MoNCE [11]. We train Pix2PixHD [229] and SPADE [9]

using their official released code. For Pix2PixHD, we enable the option to train a semantic-

specific style encoder, which computes separate style codes per semantic label. We use the out-

puts provided by the authors for DINO [10], and use the released pre-trained model of MoNCE [11]

and follow the authors’ instructions to generate test results on the CelebAMask-HQ dataset. Since

MoNCE and DINO are trained at 256 × 256, we train our method as well as Pix2PixHD and
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Table 5.1: Comparison with baselines at 256× 256 resolution.

Method L1 ↓ PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓

Pix2PixHD [12] 24.78 17.53 0.515 0.256 45.97
SPADE [9] 28.69 16.21 0.485 0.283 26.06
DINO [10] 51.84 12.13 0.401 0.369 37.24
MoNCE [11] 64.26 10.32 0.357 0.380 34.27
Ours 18.34 19.54 0.531 0.245 17.04

Table 5.2: Comparison on Edges2Handbags at 256× 256 image resolution.

Method L1 ↓ PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓

Pix2PixHD [12] 19.28 18.05 0.70 0.20 59.53
SPADE [9] 21.91 16.71 0.66 0.25 75.49
Ours 12.61 20.68 0.73 0.18 57.79

SPADE at 256 resolution for fair comparison. Additionally, we also train our method, Pix2PixHD

and SPADE at 512× 512 resolution to evaluate and compare results at high resolution. Metrics.

We evaluate using the following metrics:

• Standard reconstruction metrics such as L1, Peak Signal to Noise Ratio (PSNR), and structural

similarity (SSIM) [240] between the output and ground truth.

• LPIPS [241] which measures the perceptual similarity between the output and ground truth

using AlexNet features.

• Frechet-Inception Distance (FID) [242] which is used to measure the perceptual quality and

realism of the output.
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5.3.1 Quantitative Comparison

We provide quantitative comparison with the baselines in Table 5.1 and 5.2 for the CelebAMask-

HQ and Edges2handbags datasets respectively which are commonly used in paired I2I literature.

For CelebAMask-HQ dataset, we observe that Pix2PixHD performs much better than SPADE on

reconstruction metrics like L1, PSNR, SSIM and LPIPS for both the datasets. This is because

Pix2PixHD uses a powerful semantic-specific style encoder that encodes a separate style code

per each semantic label and is therefore able to match the ground truth style more accurately. On

the other hand, SPADE uses a VAE-based encoder [243] which adds robustness to noise in the

style latent space, but at the expense of faithful reconstruction of the ground truth style. SPADE

however maintains good realism, and thus performs much better than Pix2PixHD on the FID

metric.

While DINO [10] and MoNCE [11] are more recent baselines, we observe they fall short

in comparison with Pix2PixHD and SPADE.

Finally, our decoupled optimization of reconstruction and adversarial losses achieves better

reconstruction error, as well as better realism (FID) score compared to the baselines. Our recon-

struction component ÎBrec focuses on reconstructing low-frequency details to match the general

color and structure of the ground truth. Matching low-frequency components has a direct im-

pact on reconstruction metrics, especially L1 and PSNR. Additionally, unlike the baselines, our

GAN residual component ÎBres is not constrained by reconstruction losses. And so, it has the free-

dom to add high-frequency details that improves the output realism, which leads to a better FID

score. Similar trends hold for the Edges2Handbags dataset with Pix2PixHD performing better

than SPADE on all metrics including FID. This is because SPADE is designed for dense spatial
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inputs, e.g.semantic maps, not sparse edge maps as in the case of Edges2Handbags.

While many baselines are trained at a 256×256 resolution, we also inspect our performance

at a higher resolution of 512 × 512 on the CelebAMask-HQ dataset. To provide comparative

evaluation at this resolution, we choose the Pix2PixHD and SPADE methods which are the top

performing methods at 256×256 resolution, and retrain them at a 512 resolution. Table 5.3 shows

that the proposed method consistently shows similar trends of improvement over the baselines

across all metrics.

5.3.2 Qualitative evaluation

In this section we qualitatively analyze and compare synthesized results between our method

and the baselines. We also look at various aspects of our approach through visual results to un-

derstand different components better.

5.3.2.1 Comparison with Baselines

Figure 5.6 shows qualitative comparison with the baselines on the CelebAMask-HQ dataset.

Our method clearly improves over the baselines in terms of both realism, as well as matching the

ground truth style. We note that our results could show some style deviations from the ground

truth style (e.g., lip color in the second row), we are still noticeably better than the baselines.

We observe that the added GAN residual can sometimes cause such slight deviation from the

reconstructed color, since it is not constrained by the reconstruction loss.

While DINO captures the structure well, it loses out on realism and on matching colors and

textures to the ground truth image. MoNCE shows more details due its patch based nature during

147



Table 5.3: Comparison with baselines at resolution of 512× 512.

Method L1 ↓ PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓

Pix2PixHD [12] 24.80 17.40 0.534 0.354 24.79
SPADE [9] 31.44 15.53 0.490 0.389 20.80
Ours 19.02 19.36 0.555 0.333 16.91

Table 5.4: Ablation of different components of our approach.

Method L1 ↓ PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓

U-Net [235] 21.68 18.25 0.504 0.222 20.24
+ spatial noise 20.93 18.55 0.520 0.219 21.41
+ GAN residuals (ours) 18.34 19.54 0.531 0.245 17.04

training, but again is not able to faithfully capture the style and structure well. Pix2PixHD and

SPADE both generate reasonable results, but we observe that SPADE results look more realistic,

although not faithfully matching the ground truth style. Our output on the other hand generates

high quality and realistic samples while making sensible light deviations which capture the true

nature of real world data.

We show results on Edges2Handbags dataset in Figure 5.7 where we observe similar trends

as the Pix2PixHD output looks better than SPADE and has fewer artifacts while ours looks the

most faithful. As can be seen from the figure our method generates the color, texture and structure

better compared to the other approaches.

5.3.2.2 Standard Deviation of Spatial Noise

In our approach we utilize spatial noise by adding it to the feature maps at each upsampling

block. This along with the decoupled objective lets the network learn to generate variations of lo-

148



In
pu

t
Sa

m
pl

e 
O

ut
pu

t
Lo

ca
l V

ar
ia

nc
e

G
ro

un
d 

Tr
ut

h

Figure 5.8: Examples of local stochastic variations. Top to bottom rows represent the input image, one
sample output, standard deviation of each pixel over 20 different outputs for the same sample, and ground
truth image respectively.

cal information which preserves the structure and content but introduces diversity in the generated

samples. Here we analyze the variations generated for multiple subjects over 20 different spatial

noise samples for each of them to understand the stochasticity better. Figure 5.8 shows pixel-wise

standard deviation over the different translation results generated by varying the spatial noise on

CelebAMask-HQ dataset. It can be see that highest deviation occurs in regions corresponding

to hair, around eyes, lips and nose. These regions can be considered high-frequency locations

as they usually contain multiple edges and have the most variations. By visualizing the standard

deviation we are able to verify that the network is able to understand and model these regions
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better and generate sensible variations.

Figure 5.9: Examples of the different outputs of our method along with the input label map and ground
truth image.

5.3.3 Ablation

We perform ablation our approach to show the effect of sequentially introducing each com-

ponent using the CelebAMask-HQ dataset. These results are highlighted in Table 5.4. The first

row shows the performance of a vanilla I2I framework which utilizes a U-Net [235] based genera-

tor with a reconstruction and GAN loss on the output. The second row corresponds to introducing
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spatial noise which lets the model learn to generate local variations. It should be noted that in-

troducing spatial noise on its own does not realize its full potential as the reconstruction loss can

fight back and teach the network to ignore it in order to improve on the pixel-wise reconstruction

loss. This is where the role of residuals comes in, which can be seen in the third row. Introduc-

ing the GAN residuals along with the spatial noise gives a considerable boost in performance,

as while the reconstruction losses supervise the reconstructed output, the GAN loss supervises

the combined output and lets the network learn residuals which can better capture details in the

image.

5.3.4 Understanding the GAN Residuals

While Figure 5.8 shows examples of the different outputs generated by our network, namely,

the reconstructed and residual images followed by the final combined image. Here we try to

understand what kind of information these images hold. As can be seen from Figure 5.9 the

reconstructed image encodes most of the structure and content of the image. It looks like a

low-frequency and smooth image while the the residual seems to contain a lot of high-frequency

information around the hair, eyes, beard, lips etc. where a lot of edges and variation occur. As

can be seen in the combined output, adding these two gives a realistic image which resembles the

ground truth.

We refer to the GAN residuals being high-frequency by capturing local variations. Here we

verify this by computing the frequency spectrum of the images in a similar manner as Schwarz et

al. [244] who use azimuthal averaging over the spectrum in normalized polar coordinates. In

Figure 5.10 we show the average over all the synthesized outputs corresponding to the test set
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Figure 5.10: We visualize the frequency spectrum and highlight that the reconstructed image contains
higher magnitude of low-frequency information while the residual captures the high-frequency more. By
combining these, the resulting image has a spectrum closer to the ground truth image. The y-axis denotes
the spectral density which is measures the magnitude of a particular frequency while the x-axis corresponds
to the frequency relative to the maximum frequency corresponding to fnyq.

for CelebAMask-HQ dataset. It can be seen how the the reconstruction (orange) encodes higher

magnitude for the low-frequencies with a complete cutoff at mid-to-late frequencies. On the other

hand the residual (blue), encodes more of the high-frequency information. Combining both of

them (green) is much closer to the frequency spectrum of the ground truth (red).

5.4 Discussion

We propose a novel approach for paired image-to-Image translation by highlighting the

disconnect between the reconstruction and adversarial losses which are at odds with each other.

Based on this insight we decouple the reconstruction and adversarial loss in the proposed ap-

proach which enable it to have the freedom to learn local variations better and generate more
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realistic translations. Through both quantitative and qualitative results we highlight the efficacy

of the proposed approach and achieve state-of-the-art performance on paired I2I task on both

CelebAMask-HQ and Edges2Handbags datasets. We show results and compare at both 256×256

and 512× 512 resolutions which shows that the proposed method can generate higher resolution

images too. We also analyze the diversity in image synthesis that our method introduces using the

spatial noise and highlight its relation to high-frequency. Further, we analyze the residuals and

the reconstructed output and visually show the importance of having a combination of these to

give the final output along with their frequency analysis. Although we investigated our proposal

in a paired I2I setting, the idea can be extended to unpaired I2I.

5.5 Appendix

5.5.1 Implementation details

5.5.1.1 Network architecture

Our network architecture resembles a typical multi-modal I2I frameworks (e.g., [213, 236])

with modifications to the decoder part of the generator to accommodate the proposed GAN Resid-

uals. Our network consists of a U-Net [235] generator G and a style encoder ES . The generator

G consists of a content encoder EC and a decoder with skip connections. Both the content and

style encoders {EC , ES} consist of 6 downsampling blocks, followed by a fully connected layer

that generates a 512-dimensional latent code. Each downsampling block is a residual block bor-

rowed from [183], with replacing average-pooling with blur-pooling. We use 64 feature maps at

the first encoder layer and double this number after each downsampling block with a maximum
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of 512 feature maps. The decoder network consists of 6 upsampling blocks to form a U-Net with

the content encoder. The architecture of each decoder block is similar to that of StyleGAN [8],

with skip connection with the corresponding downsampling block from EC . The decoder outputs

6 channels: 3 RGB channels for the low-frequency reconstruction component ÎBrec and 3 channels

for the GAN Residual ÎBres. Both ÎBrec, Î
B
res are summed to form the final combined output ÎB. Dur-

ing training, we also use a discriminator network whose architecture we adapt from from [181].

5.5.1.2 Training details

We train all of our experiments and the baselines on the CelebAMask-HQ dataset [238]

for approximately 200 epochs. We follow [177] and use equalized learning rate in all of our

networks. We use an Adam optimizer [245] with β1 = 0, β2 = 0.999, and a learning rate of

0.001 for all networks. We linearly decay the learning rate by a factor of 10 during the last

epoch of training. Our training employs three losses. First, a conditional adversarial loss Ladv

where the conditional input IA is concatenated to either the real/fake images IB/ÎB and fed to a

discriminator network. Second, we use a simple L1 loss as our reconstruction loss Lrec between

our output ÎB and the ground truth IB. We use a relative weight λrec = 30 as a relative weight

between the two losses. While the value of λrec was selected to bring the two loss terms to a close

value range, we found the training not sensitive to the setting of this hyper-parameter. Finally, we

use an L2 regularization term on the style latent code zs to encourage a compact latent space. For

more implementation details, please refer to our code, which will be released upon acceptance.
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Figure 5.11: Examples of local stochastic variations. Top to bottom rows represent the input image, one
sample output, the standard deviation of each pixel over 20 different outputs of the same input, and the
ground truth image respectively.

5.5.2 Standard Deviation of Spatial Noise

In addition to the examples shown in the main paper, we add more examples of the standard

deviation computed over diverse generations for each output image. The results are shown in

Figure 5.11. As can be seen in the third row, the highest variations occur in the high-frequency

regions corresponding to hair, around eyes, lips, and nose.

5.5.3 VGG vs. L1 loss

We analyze the effect of using L1 vs. VGG loss for reconstruction in Table 5.5. L1 loss is

consistent with low-freq reconstruction and suits our decomposition of reconstructed and GAN

residual better. As can be seen from the table, L1 is better on the PSNR, SSIM and L1 metrics.

This can be attributed to the fact that L1 enforces pixel-wise reconstruction and these metrics
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Figure 5.12: Qualitative comparison with baselines on Edges2Handbags dataset.

mostly focus on that. VGG on the other hand is a perceptual loss like LPIPS so it works better

for the LPIPS metric. Also while FID is better for VGG, we visually observe it has more artifacts

compared to L1.

Loss L1 ↓ PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓

L1 18.02 19.85 0.520 0.25 19.82
VGG 22.44 17.96 0.499 0.24 18.89

Table 5.5: Comparison between using L1 vs. VGG losses for supervising the reconstruction component
ÎBrec.

5.5.4 Style transfer

In Figure 5.13, we show that the network is also capable of performing style transfer. To

generate these samples we generate every possible pair of translated images for 10 subjects using

the images and corresponding label maps. As shown in the figure, the network is able to use the
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Figure 5.13: Examples of style transfer by using input label maps and style images from 10 different
subjects.

style from one image and label maps from another to synthesize realistic output in most cases.

5.5.5 Qualitative results

In Figure 5.14 and Figure 5.15, we show results for qualitative comparison with [9, 229] at

a 512×512 resolution on the CelebAHQ-Mask dataset. We chose these two baselines to compare
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Label Map Ground TruthOursSPADEPix2PixHD

Figure 5.14: Qualitative comparisons with baselines at 512× 512 resolution.
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Label Map Ground TruthOursSPADEPix2PixHD

Figure 5.15: Qualitative comparisons with baselines at 512× 512 resolution.

159



to as they were the best performing baselines at 256 × 256 resolution. Also in Figure 5.12 we

show comparisons with the same two baselines [9, 229] on the Edges2Handbags dataset which

is at 256× 256. It can be clearly seen that our method generates the most realistic outputs which

better matches the ground truth.

5.5.6 GAN Residuals

In Figure 5.16, we show examples of the outputs generated by our method. As reported in

the paper, the reconstructed image encodes most of the structure and content of the image while

the GAN residual captures the high frequency details. Combining both of them gives a realistic

translation output which is close in appearance to the ground truth.
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Figure 5.16: Examples of the different outputs of our method along with the input label map and ground
truth image.
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Chapter 6: Talking Head Synthesis

In this chapter we look at two tasks pertaining to talking head synthesis under different

settings.

In the first work we study the task of learning personalized head avatars in a low-shot

setting, also known as “neural talking heads”. Given a single-shot or few-shot images of a

source subject, and a driving sequence of facial landmarks, possibly derived from a different

subject, the goal is to synthesize a photo-realistic video of the source subject, under the poses and

expressions of the driving sequence. This task has a wide range of applications, including those

in AR/VR, video conferencing, gaming, animated movie production and video compression in

tele-communication.

In the second work we look at the task of lip synchronization (lip-sync) which seeks to

match the lips of human faces with different audio. It has various applications in the film industry

as well as for creating virtual avatars and for video conferencing. This is a challenging problem

as one needs to simultaneously introduce detailed, realistic lip movements while preserving the

identity, pose, emotions, and image quality.
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6.1 Learned Spatial Representations for Few-shot Talking-Head Synthesis

Traditional graphics-based approaches to this task rely on a 3D face geometry and produce

very high quality synthesis. However, they tend to focus on modeling the face area without the

hair, and they learn a subject-specific model and cannot generalize to new subjects. In contrast,

recent 2D-based approaches [246, 247, 248, 249] learn a subject-agnostic model that can animate

unseen subjects given as few as a single image. Furthermore, since these works learn an implicit

model and do not require an explicit geometric representation, they can synthesize the full head,

including the hair, mouth interior, and even wearable accessories like glasses and earrings. This

remarkable generalization ability however comes at the cost of low quality and poor identity

preservation when compared to their 3D-based subject-specific counterparts. Bridging the quality

gap between 2D-based subject-agnostic and 3D-based subject-specific approaches remains an

open problem.

Recent efforts in 2D-based approaches can be divided into two classes; warping-based and

direct synthesis. As the name suggests, warping-based methods (e.g., [247]) learn to warp the

input image or a recovered canonical pose based on the motion of the driving sequence. While

these methods achieve high realism, especially for static and rigid parts of the image, they tend

to work well only for a limited range of motion, head rotation and dis-occlusion.

On the other hand, direct synthesis approaches (e.g., [246, 248, 249]) encode the source

subject into a compressed latent code, and a generator decodes the latent code to synthesize the

target pose. These approaches learn a prior over the compressed latent space, and can generate

realistic results for a wider range of poses and head motion. However, they exhibit a noticeable

identity gap between their output and the source subject.
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Input landmarks Learned spatial layout Output Ground truth

Figure 6.1: Our framework factorizes the image synthesis process into its spatial and style components.
It predicts a discrete latent spatial layout for the target image, which is used to produce per-pixel style
modulation parameters for the final synthesis.

We posit that the identity gap is caused by the entangled representation of the source subject

in a single latent code. This compressed 1D latent encodes multi-view shape information, identity

cues, as well as color information, lighting and background details. In order to synthesize a

target view from a latent code, the generator needs to devise a complex function to decode the

uni-dimensional latent into its corresponding 2D spatial information. We argue this not only

consumes a large portion of the network capacity, but also limits the amount of information that

can be encoded in the latent code.

To address this problem, we propose a two-step framework that decomposes the synthe-

sis of a talking head into its spatial and style components. Our framework animates a source

subject in two steps. First, it predicts a novel spatial layout of the subject under the target pose

and expression. Then, it synthesizes the target frame conditioned on the predicted layout. This

factorized representation yields the following key performance advantages.

Better subject-agnostic model performance. The performance of our subject-agnostic (also

called meta-learned) model not only performs better than previous subject-agnostic state-of-the-

art, but is also on-par with the subject-finetuned performance of previous works when there are

only few source images available (e.g., less than 10 images).
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Better fine-tuned performance with less data. Fine-tuning our model for a specific subject

requires significantly less data and fewer iterations than previous works, and yet achieves better

performance. For example, we show that fine-tuning our model using 4-shot inputs outperforms

previous state-of-the-art models fine-tuned using 32-shot inputs.

Robustness to pose variations. We show that our model is more robust against a wider range of

poses and facial expressions, while still producing both realistic and identity-preserving results.

Improved identity preservation. Shape difference between the source and driving identities

poses a challenge for identity preservation in reenacted results. The intermediate novel spatial

representation learned by our model reduces the sensitivity towards such differences and better

preserves the identity.

In summary, we make the following contributions:

• A novel approach that factorizes the talking-head synthesis process into its spatial and style

components.

• A novel latent spatial representation that proves effective for few-shot novel view synthesis.

• We achieve state-of-the-art performance in both the single-shot and multi-shot settings, as well

as in the meta-learned and subject-finetuned modes.

6.1.1 Approach

Our approach factorizes the representation of a head avatar into spatial and style compo-

nents. It breaks down the novel view head synthesis of a subject into two steps. First, a layout

prediction network Gl translates facial landmarks for a target view into a dense spatial layout of

the subject. Then, an image generator Gs synthesizes the final image conditioned on the predicted
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Figure 6.2: Overview of our training pipeline. The cross-entropy loss with the oracle segmentation is used
during pre-training the layout predictor Gl, and then turned off during the full pipeline training.

layout. We first give an overview of our pipeline in Section 6.1.1.1. Then, we explain how to

pre-train the layout prediction network Gl to predict semantic segmentations of novel views in

Section 6.1.1.2, followed by the full pipeline training in Section 6.1.1.3. Section 6.1.1.4 explains

how the layout prediction network Gl transitions from predicting semantic maps to learning a

more powerful latent spatial representation. And finally, we discuss how to learn a personalized

head avatar through an optional subject-specific fine-tuning stage in Section 6.1.1.5.

6.1.1.1 Overview

Given K-shot inputs {I1 . . . IK} of a source subject, a two-headed encoder E = {El, ES}

processes the inputs and generates K layout latents {zli} and K style latents {zsi } for i ∈

{1 . . . K}. The K latents are then averaged to get an aggregated layout latent zl = 1
K

∑K
i=1 z

l
i

and style latent zs = 1
K

∑K
i=1 z

s
i . Averaging the K latents cancels out view-specific information

and transient occluders, and maintains implicit 3D information like the head and hair shape for

the layout latent, and color and lighting information for the style latent. We have two generators:
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a layout predictor network Gl and an image generator Gs. The layout predictor takes as input the

facial landmarks for a target view xt and the layout latent zl and generates a spatial one-hot layout

ylt = Gl(xt, z
l), such as a semantic map, for the target view. The image generator Gs processes

the style latent zs and utilizes spatial denormalization layers (SPADE [9]), conditioned on the

predicted layout yl, to synthesize the final image Î = Gs(yl, zs). An overview of our framework

is shown in Figure 6.2.

6.1.1.2 Layout prediction pre-training

Training the above pipeline end-to-end without any supervision or constraints on the pre-

dicted layouts results in a degenerate solution, where the spatial layouts and their corresponding

spatial denormalization are completely ignored. All spatial and style information are thus en-

coded into and decoded from the style latent zs, which results in a poor performance. Therefore,

we opted to pre-train the layout prediction network to predict a plausible semantic segmentation

of a target view, given the input facial landmarks xt and the layout latent zl. To supervise this

training, we use an off-the-shelf face segmentation network [238] as an oracle to segment the

target image It into a semantic map St, and we apply a cross-entropy loss (X-ent) between the

oracle segmentation St and our predicted segmentation ylt = Gl(xt, z
l). We observe that the

obtained oracle segmentations are very noisy and have poor quality (e.g., Figure 6.4). This is

caused by the domain gap, in terms of image resolution and the distribution of head poses, be-

tween the datasets used to train the oracle segmentation network [238], and in-the-wild videos

of talking heads. Thus, to regularize the segmentation prediction training, we use a mutli-task

pre-training strategy where the layout prediction network predicts an extra RGB reconstruction
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Rt of the target image It, which is used as a secondary supervisory signal. Specifically, we have

ylt, Rt = Gl(xt, z
l), zl =

1

K

K∑
i=1

El(Ii) (6.1)

And the objective for the pre-training is

Lseg = X-ent(ylt, St) + λRLR(Rt, It) (6.2)

where LR is a perceptual reconstruction loss, and λR is a relative weighting term which is set to

a low value.

6.1.1.3 Full pipeline training

Once the layout predictor network has been pre-trained to predict semantic segmentations,

we plug it into our full pipeline. The predicted segmentation is fed as the spatial input to a SPADE

image generator Gs that synthesizes the final image as

Î = Gs(Gl(xt, z
l), zs), zs =

1

K

K∑
i=1

Es(Ii) (6.3)

We observe that the SPADE generator quickly utilizes the input spatial segmentations to resolve

spatial ambiguities, and we no longer fall into a degenerate solution where the spatial input is

ignored.

Our full pipeline, comprising the layout and style encoders {El, Es}, the layout predictor

Gl and the image generator Gs, is optimized to minimize three losses; a reconstruction loss Lrec,
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an adversarial loss Ladv, and a latent regularization loss LL2.

For the reconstruction loss Lrec, we employ a perceptual loss [216] based on both the

VGG19 [250] and VGGFace [251] networks, as well as an L1 loss. While the VGG19-based

perceptual loss is a standard reconstruction loss, we follow Zakharov et al. [246] and utilize a

VGGFace-based perceptual loss to promote identity preservation. We also use an L1 loss to

better preserve color transfer between the synthesized and ground truth images.

The adversarial loss, Ladv, encourages the output to be photo-realistic. To achieve that, a

discriminator network D is trained to discriminate between real and fake images, while the gen-

erator network, Gs aims to fool the discriminator by bringing the output closer to the manifold

of real images. We borrow the architecture of the discriminator network D from [211] and use

a non-saturating logistic loss with gradient penalty [252]. Finally, we impose an L2 regulariza-

tion on the learned latent codes to encourage compactness of the latent space. The full training

objective is given by

minL(Ît, It, zl, zs|El, Es, Gl, Gs, D) = Lrec(Ît, It)+

λadvLadv(Ît, It) + λL2
(
∥zl∥2 + ∥zs∥2

) (6.4)

where λrec, λL2 determine the relative weights between the loss terms.

6.1.1.4 Learning a latent spatial representation

Spatial denormalization (SPADE) generates per-pixel denormalization parameters by feed-

ing a dense spatial input through a small convolutional subnetwork. While SPADE [9] originally
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uses semantic maps as input, we explore learning a latent spatial representation that better suits

the image synthesis task at hand. To do this, we turn off the cross-entropy loss so as to give

the layout predictor Gl the freedom to diverge from predicting traditional semantic segmenta-

tions and learn other latent representations that better optimize the few-shot novel view synthesis

objective. The layout predictor is thus supervised only by the training objective of Eqn. 6.4. Fig-

ure 6.4 shows examples of the learned latent layouts. Although they might look less interpretable

than traditional semantic maps, they seem to encode more information and capture accurate de-

tails.

6.1.1.5 Subject fine-tuning

Training our full pipeline learns a powerful subject-agnostic model that produces high qual-

ity and identity-preserving synthesis. Optionally, we can learn a personalized head avatar to fur-

ther refine the results for a given subject. To do this, we follow [246, 248, 249] and fine-tune the

subject-agnostic model (also called meta-learned model) using the few-shot inputs of the source

identity. Specifically, we compute the layout and style embeddings {zl, zs} and fine-tune the

weights of the layout and image generators {Gl, Gs}, as well as the discriminator, D, by recon-

structing the set of few-shot inputs, and optimizing the same training objective of Eqn. 6.4. We

observe that subject fine-tuning restores high-frequency components and improves background

reconstruction when compared to the meta-learned outputs.
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Figure 6.3: Qualitative comparison in the single-shot setting. We show three sets of examples representing
low, medium and high variance between the source and target poses. Our method is more robust to pose
variations than the baselines.

6.1.2 Experimental evaluation

Dataset. We perform our evaluation using the VoxCeleb [254] dataset, which is a large-scale in-

the-wild video dataset. The train set contains over a million clips from 145,569 videos of 5,994

171



Ground truth Oracle segmentation Pre-trained segmentation Latent layout

Figure 6.4: Layout pre-training predicts meaningful segmentation maps despite the noisy oracle segmen-
tations. Our latent spatial representation encodes more information than traditional segmentations.

Table 6.1: Quantitative comparison in the single-shot setting.

Method PSNR↑ SSIM↑ LPIPS↓ ID-SIM↑ NMKE↓ FID↓

X2Face [253] 15.50 0.466 0.346 0.691 0.333 98.58
Bi-layer [249] – – – 0.721 0.236 130.58
FSTH [246] 16.92 0.597 0.263 0.836 0.049 53.07
LPD [248] – – – 0.837 0.070 48.48
FOMM [247] 18.20 0.635 0.236 0.869 0.061 56.10
Ours 17.37 0.605 0.232 0.886 0.041 45.69

different identities. The test set contains new identities that are not part of the training. We use the

test subset released by Zakharov et al. [246], which contains a total of 1,600 frames from videos

of 50 subjects. For self-reenactment scenarios, the input few-shots and the driving sequence do

not overlap. We obtain the facial landmarks for sampled frames using an off-the-shelf facial

landmarks detector [255].
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Baselines. We compare our method to the following baselines: X2Face [253], FSTH [246],

FOMM [247], Latent Pose Descriptor (LPD) [248], and Bi-layer [249]. We use the released pre-

trained models provided by the authors for all baselines, except for FSTH [246] where we use the

authors’ provided outputs, as their code and models were not released. Since some baselines only

accept single-shot inputs (e.g., FOMM and Bi-layer), we divide our evaluation into a single-shot

setting, where we compare to all the baselines, and a multi-shot setting, where we only compare

against the few-shot baselines. Since the LPD [248] and Bi-layer [249] baselines do not predict

the background and re-crop the input/output frames, we subtract the background and compare

with their corresponding cropped ground truths for quantitative analysis. We also exclude those

two baselines from frame reconstruction evaluation since their output does not align with the rest

of the methods.

Metrics. We evaluate all models along five axes.

• Reconstruction fidelity using the peak signal-to-noise ratio (PSNR) and structural similarity

(SSIM) [240] metrics.

• Perceptual similarity between the output and the ground truth using the AlexNet-based LPIPS

metric [241].

• Identity preservation (ID-SIM) using the cosine similarity between face embeddings from a

face recognition network [251].

• Normalized Mean Keypoint Error (NMKE), which measures the pose error between the syn-

thesized and ground truth images as computed in [248, 249].

• Perceptual quality of the output using the Frechet-Inception Distance (FID) metric [242].
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6.1.2.1 Single-shot comparative evaluation

Table 6.1 shows a quantitative comparison with the baselines in the single-shot setting. Our

method outperforms all baselines in perceptual reconstruction (LPIPS), identity preservation (ID-

SIM), pose matching (NMKE) and visual quality (FID). However, FOMM scores better in the

standard reconstruction metrics (PSNR and SSIM). We argue this is intrinsic to their method due

to its warping-based nature, which accurately captures the background and other static regions,

and thus gives low reconstruction error even in the presence of clear artifacts.

Figure 6.3 shows qualitative results from three groups representing low, medium and high

variance between the input and target poses. We observe that all methods perform well when

the target pose is similar to that of the input shot. LPD produces sharp results within the low-

medium pose variation, but shows blurry artifacts within the face and eyes in the case of high

pose variance. FSTH shows a clear identity gap. FOMM accurately matches the background and

shows highly realistic results when the pose variance is low, but shows a clear identity gap and

visible artifacts when the target pose is far from the source image. Our method is more robust

against pose variation, yielding realistic results while preserving the source identity.

6.1.2.2 Multi-shot comparative evaluation

Here, we focus on the effect of increasing the number of K-shot inputs, and the effect

of subject-specific fine-tuning using the K-shot inputs. Figure 6.6 plots the ID-SIM, NMKE

and FID performance metrics as we increase the number of K-shots. We observe that the pose

reconstruction performance (NMKE) is mainly dictated by the approach itself, rather than the

number of K-shots or whether the models are fine-tuned or not. For example, the meta-learning
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Figure 6.5: A qualitative comparison showing the effect of increasing the K-shot inputs and applying
subject fine-tuning.
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Figure 6.6: Quantitative comparison with the few-shot baselines, showing the effect of both increasing
the K-shot inputs and subject-specific fine-tuning. Dotted and solid lines represent the meta-learned and
fine-tuned models respectively.

performance of FSTH with K = 1 is better than the fine-tuned LPD model with K = 32.

Similarly, the single-shot meta-learning performance of our method is better than the fine-tuned
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Figure 6.7: Cross-subject reenactment with different driving identities. Results are shown for our meta-
learned model without any fine-tuning, and using 32-shot inputs.

baselines at K = 32.

For the ID-SIM and FID metrics, the meta-learning performance of our model is not only

superior to that of the baselines, but it is also on-par with the fine-tuned baselines for K ≤ 8.

However, as K is increased to 32, the fine-tuned baselines eventually outperform our meta-

learned model. Another very important advantage to our approach is that it achieves better

performance with significantly less data. For example, fine-tuning our model with just K = 4

outperforms the fine-tuned baselines at K = 32. Since fine-tuning on more data requires more

training iterations and thus more time, our method spends much less time fine-tuning on fewer

data samples, and yet achieves similar or better results.

Figure 6.5 visualizes the effect of both increasing K and subject fine-tuning. Our method

preserves the source identity without any fine-tuning, even with a single-shot input. On the other

hand, the baselines only restore the source identity after the subject-specific fine-tuning. Our
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Figure 6.8: Examples from the ablation study. Results shown are for the meta-learned models with a
single-shot input (source).

method also shows the most improvement, in terms of realism and better identity match, when

increasing the number of K-shot inputs. For example, our method successfully filters out the

subject hand occluding the face in the single-shot input.

6.1.2.3 Cross-subject reenactment

Cross-subject reenactment poses a challenge, especially for landmark-driven approaches.

The shape difference between facial landmarks of the source and driver identities could lead to a

noticeable identity gap in the reenacted results. The intermediate spatial representation learned by

our method helps reduce this problem and leads to good identity preservation of the source subject

regardless of the driver identity. Figure 6.7 shows sample reenactment results using different

driver identities. To demonstrate the effectiveness of our disentangled representation, we avoid

any subject fine-tuning and show the results of our meta-learned model with 32-shot inputs.
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The source identity is well-preserved among challenging facial expressions and different views

covering both the left and right sides of the face.

Table 6.2: Ablation study of our approach. +SPADE replaces the UNet generator with SPADE. +Learned
seg. maps conditions the generator on learned segmentations. +Latent layout learns a latent spatial repre-
sentation. The upper bound gets to cheat and uses the ground truth segmentations.

Method PSNR↑ SSIM↑ LPIPS↓ ID-SIM↑ NMKE↓ FID↓

Baseline 17.00 0.574 0.274 0.837 0.044 67.19
+ SPADE 16.94 0.575 0.268 0.834 0.043 56.00
+ learned seg. maps 16.94 0.578 0.265 0.828 0.042 62.78
+ latent layout (ours) 17.22 0.592 0.247 0.860 0.042 54.40

Upper bound 18.21 0.629 0.219 0.867 0.039 48.06

6.1.2.4 Ablation study

We evaluate the contribution of different components of our proposed approach. All abla-

tion experiments are trained with the same hyper-parameters and for the same number of epochs,

and are evaluated in the single-shot setting with no fine-tuning. We report the results in Table 6.2.

The baseline model has the same setup as FSTH [246], where a UNet generator with AdaIN

layers [237] translates the input landmarks into the target image. Next, we replace the UNet

architecture with a SPADE generator [9] conditioned on the facial landmarks (+SPADE). This

improved the FID, but other metrics remained around the same. We hypothesize this is due to us-

ing sparse landmarks as the spatial input, while SPADE needs dense spatial inputs to generate the

per-pixel denormalization parameters. To validate our hypothesis, we conducted an experiment

as an upper bound, where we get to cheat and segment the ground truth target image using an

off-the-shelf face segmentation network [238] (i.e.oracle), and we use these oracle segmentations
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as the spatial input to SPADE. Even though the oracle segmentations are noisy (e.g., Figure 6.4),

this still resulted in a significant boost in all metrics, proving that the SPADE generator could

benefit from dense spatial inputs. Therefore, we trained a layout prediction network to predict

a plausible semantic segmentation for the target pose (+Learned seg. maps). This surprisingly

produced mixed results and even caused a drop in the ID-SIM and FID scores. We posit this

is because the noisy oracle segmentations do not provide a consistent supervisory signal, which

causes the learned segmentations to miss important shape cues (e.g., the correct face shape), as

well as overfit common errors in the oracle segmentations as the training progresses. Finally,

removing the supervision on the predicted layouts and learning a latent spatial representations

(+Latent layouts) resulted in a reasonable performance improvement over all metrics. We also

show a qualitative comparison for the ablation study in Figure 6.8. We observe that the qualita-

tive results of the upper bound experiment (using the oracle/ground-truth segmentation) exhibits

artifacts caused by errors in the oracle segmentation. The results of our method with the learned

latent layouts looks qualitatively better, with no clear artifacts, despite having worse quantitative

metrics than the upper bound experiment.

6.2 Diff2Lip: Audio Conditioned Diffusion Models for Lip-Sync

Oscar-winning director Bong Joon Ho famously pointed out that subtitles act as a barrier

between a foreign audience not adept in the language and their ability to fully enjoy amazing

movies [256], as the viewer needs to focus on both watching and reading. A rarely explored

alternative, multiple-language version movie (MLV), where the same film is shot in multiple

languages in parallel, is naturally much more expensive [257]. While dubbing is a popular com-
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Figure 6.9: Top: Our Diff2Lip approach uses an audio-conditioned diffusion model to generate lip-
synchronized videos. (Here q denotes the forward diffusion process and pθ is the learned reverse diffusion
process.) Bottom: On zooming in to the mouth region it can be seen that our method generates high-
quality video frames without suffering from identity loss.

promise solution, it can feel unnatural due to the lack of synchronization between speech and

actors’ video.

As a cheaper alternative, lip-synchronization (lip-sync) aims to generate the mouth region

of the human face such that the lips correspond to a different speech audio. Its applications

beyond movies include education, virtual avatars, video conferencing, assistive technology, and
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culture preservation. Ideally, lip-sync should support any identity and audio from unseen sources

(in-the-wild).

This brings up the challenges of preserving the actors’ identity, pose, emotions, and visual

quality while maintaining a realistic lip-sync.

One of the earliest lip-sync methods, Video Rewrite [258], had a purpose-built solution

by mapping phonemes to mouth shapes and then blending them onto the target video. Modern

techniques have more general solutions but suffer certain limitations. For instance, PC-AVS [14]

and GC-AVT [259], disentangle pose and expression respectively but fail to preserve identity

(Fig. 6.9 bottom), have worse visual quality, and have border inconsistencies (while putting the

generated heads back to the scene). On the other hand, works that target a specific identity, such

as SynthesizingObama [260], require video/identity-specific training. Other methods which rely

on extracting intermediate representations, e.g., landmarks in MakeItTalk [261], have to deal

with estimation errors in these representations. Finally, approaches that can generalize on in-

the-wild lip-sync settings pose it as an inpainting task, where the mouth region is masked and

then generated according to the audio. Examples include Wav2Lip [13], which achieves good

lip-sync but at the cost of poor visual quality (see Fig. 6.9 bottom), and AV-CAT [262], which

has a multistage pipeline but does not capture finer details. In this paper, we introduce Diff2Lip,

an inpainting style approach that solves the lip-sync task using diffusion models, which addresses

most of these shortcomings and achieves visually superior lip-sync results.

We propose an audio-conditioned diffusion model to solve the task of lip-sync (Fig. 6.9

top). Diffusion models [263] are likelihood-based models that can generate astonishing results

in high variation datasets (e.g., ImageNet [264]), that GANs [265] cannot match. To generalize

in-the-wild, we pose the problem as a conditional diffusion model based inpainting task [266].
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Diff2Lip takes three inputs: a masked input frame, a reference frame, and an audio frame, and

outputs the lip-synced mouth region. Diff2Lip leverages (1) the masked input frame to get the

pose context; (2) the reference frame to get the identity and mouth region textures; (3) the audio

frame to drive the lip shape.

Using an audio+image conditioned diffusion model, Diff2Lip maintains a fine balance be-

tween all these contextual input information, avoiding lip-sync problems (e.g. identity loss, ref-

erence copying, inaccurate lip shape). Diff2Lip optimizes three losses: a reconstruction loss to

guide synthesis; a sync-expert loss [13] to enforce synchronization; and a sequential adversarial

loss to enforce inter-frame continuity.

Diff2Lip generates high image quality without identity loss or generalizability issues as

shown in Fig. 6.9 bottom.

We evaluate our work on commonly used benchmarks of Voxceleb2 [6] and LRW [7]

datasets for the tasks of reconstruction and cross generation (see section 6.2.2). We compare

against popular methods used for lip-sync like Wav2Lip [13] and PC-AVS [14]. Extensive eval-

uations show that Diff2Lip outperform existing methods in terms of image fidelity while having

comparable synchronization.

The following are the contributions of this work:

• We propose a novel diffusion model based approach for audio-conditioned image genera-

tion.

• Using frame-wise and sequential losses we are able to successfully generate high quality

lip-sync.

• We show that the use of a sequential adversarial loss makes frame-wise video generation

more stable for diffusion models across frames.
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Figure 6.10: Overview: Diff2Lip solves lip-sync using an audio-conditioned diffusion model, which
learns to inpaint the lower half of the face. During training (left), given an input video sequence x0,s:s+5,
we first add noise to the lower half using the forward process (Eq. 6.6) to get the noisy video sequence
xt,s:s+5, where diffusion step t is sampled uniformly. Then a noisy video frame xt,s+i for i ∈ [0, 5), a
different random reference frame xr, and the audio frame as+i is input to our model. The audio encoder
EAudio encodes the audio frame as+i. Our model (right), predicts the added noise ϵθ given these inputs,
which is used to get the predicted clean frame xθ0,s+i (using Eq. 6.6). Then frame-wise reconstruction
losses like L2 and Llpips are applied to the predicted clean sequence xθ0,s:s+5 for enforcing good image
quality while sequential losses like sequential adversarial loss LGAN and SyncNet expert loss Lsync ensure
lip-sync.

• Extensive evaluations validate that our generations outperform existing methods in FID

metric and MOS of the users showing the effectiveness of Diff2Lip.

6.2.1 Approach

In this section, we discuss our proposed approach - Diff2Lip. We propose a novel audio and

image conditioned diffusion model which is able to synthesize high quality lip-synced mouths

corresponding to the audio input.

6.2.1.1 Diffusion Models

Diffusion models [263] are likelihood-based models which try to sample points from a

given distribution by gradually denoizing random gaussian noise in T steps. In the forward

diffusion process, increasing amounts of noise is added to a sample point x0 iteratively as x0 →
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x1 → · · · → xt−1 → xt → · · · → xT−1 → xT , to get a completely noisy image xT . Formally, the

forward diffusion process is a Markovian noising process defined by a list of noise scales {ᾱt}Tt=1

as:

q(xt|x0) := N (xt|
√
ᾱtx0, (1− ᾱt)I) (6.5)

which can be rewritten as:

xt =
√
ᾱtx0 +

√
1− ᾱtϵ, ϵ ∈ N (0, I) (6.6)

where ϵ is the noise, N denotes normal distribution, x0 is the original image, and xt is noised

image after t steps of the diffusion process. The reverse diffusion process aims to learn the

posterior distribution q(xt−1|x0, xt), using which one can estimate xt−1 given xt. This is typically

done using a neural network, which can be parameterized in multiple ways. Similar to [263, 267,

268], we choose to parameterize the neural network to predict the noise, ie. ϵθ(xt, t), where θ

represents the parameters of the neural network. It takes a noisy sample xt and timestep t to

predict the added noise ϵ in Eq. 6.6. The model is learned using the simplified objective used

in [263] which reweights the variational lower bound on the maximum likelihood objective:

Lsimple = Ex0,t,ϵ[∥ϵθ(xt, t)− ϵ∥22] (6.7)

The posterior distribution q(xt−1|x0, xt) is also tractable using the Bayesian rule and turns

out to be another normal distribution. When using DDIM [269] for sampling, we can determin-

istically sample the posterior by disregarding the variance. Since we can write x0 in terms of xt
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and ϵ using Eq. 6.6, therefore we can recover xt−1 deterministically given xt and ϵ using:

xt−1 =

√
ᾱt−1

ᾱt
xt +

√
1− ᾱt−1 −

√
ᾱt−1(1− ᾱt)

ᾱt

 · ϵ (6.8)

This equation represents the mean of the learned posterior pθ(xt−1|xxt) distribution in the DDIM [269]

formulation.

For sampling during inference time, xT is sampled from the standard normal distribution.

The neural network can then recover the noise ϵθ that needs to be removed. This in turn can

be fed into Eq. 6.8 to get back xT−1. Iterating over this one can get the clean image as xT →

xT−1 → · · · → xt → xt−1 → · · · → x1 → x0 as seen in Fig. 6.11 top.

Notation. In this paper, we work with diffusion processes and videos. We use t for the

diffusion process step number while s for the video frame number. For the diffusion process, we

keep the notation here the same as [267].

6.2.1.2 Proposed Approach

We pose the problem of lip-sync as a lower mouth inpainting task, where given an input

face with the lower half masked, an audio frame input, and a reference frame input, the model

needs to generate the masked region of the face. Formally, given a video V = {v1, . . . vS} with

S frames, were vs is the sth frame, and audio A = {a1, . . . , aS}, where as is the sth audio frame,

our model processes one video frame x0,s = vs at a time. Let xs,T = vs · (1 − M) + η · M be

a noise-masked video frame, where η ∈ N (0, I) and M is a binary mask for the lower half of

the face. (Here the subscript T denotes a completely noised frame that we want to denoise). We

want our trained model to be able to recover vs using the reverse diffusion process, given inputs
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Figure 6.11: Intermediate xt (top) and xθ0 (bottom) as t goes from T to 0 (left to right), sampled at uniform
intervals.
masked video frame xs,T , the audio frame as, and a random reference frame xr = vrandom(1,S) ̸=s.

This setup is quite similar to Wav2Lip[13]. The random reference frame xr is chosen from the

same video and provides cues about the source’s identity and pose. We make sure that it is not

the same as the input frame; otherwise there could be information leakage while training. The

audio input as provides information about the lip structure.

As shown Fig. 6.10 we formulate the problem as an inpainting task similar to [266], i.e.,

we learn a conditional model ϵθ(xs,t, as, xr, t). At training time, we take a clean sample frame

xs,0(= vs) and a uniformly sampled t, and add noise to xs,0 using Eq. 6.6 to get xs,t. The model

is trained to predict the noise ϵ ∈ N (0, I) added to it using Eq. 6.7.

We feed the reference frame by concatenating it with the input frame while the audio is fed

using group normalization (similar to time and class conditioning in [267]). Our network has a

UNet [270] backbone which consists of residual blocks and attention blocks similar to [268]. We

want the UNet to extract contextual information from the unmasked portion of the input frame,

and the reference frame. To enforce this we provide these directly as input to the network. For

the audio which is used as a conditioning, we first encode it using a trainable encoder EAudio,

which generates embeddings that are injected as conditioning. EAudio is also built using the same

blocks as the UNet.
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6.2.1.3 Additional Losses

When just training using Lsimple (applied to the masked region), we observe that the mouth

region generation had good image quality but no lip-sync. Hence we add additional losses to

make our model work.

Our model predicts in noise space and hence many image-space losses cannot be directly

applied to it. There are three ways to approach this issue - first, our model could be parameterized

to directly predict the denoized image x0 instead of predicting ϵ. Second, we can use the sampling

process described in Section 6.2.1.1 to recover back the clean image x0. Third, substituting

xt and ϵθ into Eq. 6.6 one could directly recover xθ0(xt, t), an estimate of x0, without having

to do iterative sampling. We observed that directly predicting denoized image leads to worse

image quality while using iterative sampling is overly time-consuming and hence we stick with

predicting ϵ.

This approach leads to a noisy xθ0(xt, t) when the step t is large as seen in Fig. 6.11 bottom

but there have been previous works [271] which have applied image losses to xθ0(xt, t). We

enforce an L2 loss on this xθ0(xt, t) to make it clean:

L2 = Ex0,s,t,ϵ[∥xθ0,s − x0,s∥22] (6.9)

Next, to impose audio synchronization, we use SyncNet discriminator as used by Wav2Lip [13].

We first separately train the SyncNet in a contrastive manner which is kept fixed during training

our generation model. Similar to Wav2Lip [13] we work with a sequence of 5 frames as input to

the SyncNet. By using 5 predicted video frames xθ0,s:s+5 and the corresponding audio sequence
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as:s+5, SyncNet loss can be written as:

Lsync = Ex0,s,t,ϵ[SyncNet(xθ0,s:s+5, as:s+5)] (6.10)

As shown in our ablation, directly adding SyncNet loss, deteriorates the image quality. To

mitigate this we add perceptual similarity loss [272] on the generated frames:

Llpips = Ex0,s,t,ϵEl[∥ϕl(xθ0,s)− ϕl(x0,s)∥22] (6.11)

where ϕl(·) represents the features coming from the lth layer of a pretrained-VGG network. Fi-

nally, to enforce temporal consistency we also add a sequence adversarial loss. This makes the

movement of the lips realistic across frames.

LGAN = Ex0,s,t,ϵ[logDψ(x
θ
0,s:s+5)]+

Ex0,s [log(1−Dψ(x0,s:s+5))]

(6.12)

where we use a PatchGAN [273] discriminator Dψ. This task requires more context than just two

frames [274] but no optical flow [275]. The overall optimization objective can be written as:

L = Lsimple + λl2L2 + λsyncLsync+

λlpipsLlpips + λganLGAN

(6.13)

For sequence-based losses, it is essential that the diffusion process step input t is the same

for a sequence of frames x0,s:s+5. This ensures uniformity within a predicted sequence during

loss computation.
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Table 6.3: Ablation over our losses (Reconstruction)

Losses FID ↓ SSIM ↑ PSNR ↑ LMD ↓ Syncc ↑

Reconstruction 8.589 0.523 18.234 3.472 0.633
+ SyncNet 8.998 0.526 18.57 3.123 6.336
+ Perceptual 7.751 0.526 18.548 3.121 6.53
+ Seq. GAN 8.213 0.527 18.52 3.101 7.89

6.2.2 Experiments

Datasets. We evaluate our method on the Voxceleb2 [6] and LRW [7] datasets, which

contain in-the-wild videos of talking human faces and are commonly used for lip-sync research.

Voxceleb2 [6] - consists of over 1M face-cropped Youtube videos coming from 6000+ identities.

This dataset consists of high variation in lighting, image quality, pose, and motion blur. The

average video length is 8 seconds.

LRW [7] - is a lip-reading dataset that contains 1000 videos each of 500 different words for a

length of 1 second coming from BBC news. It has less variation compared to Voxceleb2 and

focuses on clean front-facing videos. Like previous works, our model is trained only on the

Voxceleb2 train split while we test on both datasets. We don’t use the whole dataset for training

but rather only use the first utterance of every video, which totals 145K videos.

Implementation Details. We preprocess the videos to have a framerate of 25 fps and an

audio sample rate of 16kHz. For all our models the video resolution is 224×224 out of which

we crop the face and resize it to 128×128. This is then masked in the lower half using gaussian

noise and fed to our model which only morphs the lower half of this image according to the audio

input. Then we resize it back to the original crop size and place it back on the video. For audio

inputs, we first sample the audio at 16kHz and then create mel-spectrograms with window-size
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Table 6.4: Quantitative comparison with baselines on Voxceleb2 [6] and LRW [7] on the task of recon-
struction and Cross generation.

Dataset Method
Reconstruction Cross

FID ↓ SSIM ↑ PSNR ↑ LMD ↓ Syncc ↑ Syncd ↓ FID ↓ LMD ↓ Syncc ↑ Syncd ↓

VoxCeleb2
Wav2Lip [13] 3.26 0.53 18.18 3.16 9.08 5.93 5.11 4.84 8.12 6.74
PC-AVS [14] 4.25 0.53 18.26 3.16 6.71 7.80 10.62 5.00 6.96 7.53
Diff2Lip (Ours) 2.46 0.53 18.09 3.04 8.78 5.93 4.53 4.82 7.62 6.73

LRW
Wav2Lip [13] 4.23 0.68 20.76 2.15 8.13 6.09 5.19 3.88 7.52 6.56
PC-AVS [14] 6.80 0.61 20.10 2.29 6.68 7.29 8.48 4.09 6.66 7.27
Diff2Lip (Ours) 2.62 0.67 20.62 2.17 7.41 6.21 2.54 3.93 6.44 6.97

800 and hop-size 200. These audio frames turn out to have size 16×80. We build our code

on top of the guided-diffusion repository [268]. We train our model on 8 NVIDIA RTXA6000

GPUs which takes around 4 days. Our model is trained using T = 1000 diffusion steps, but for

faster inference, we use only 25 steps of DDIM [269] sampling which takes 4.67 seconds on an

average for all the frames of one VoxCeleb2 [6] video (avg. 8 seconds at 25 fps) on 8 NVIDIA

RTXA6000 GPUs.

Comparison Methods. We compare our method against the most popular methods for

lip-sync. Our choice of models is based also on models/codebases which are publicly available.

Wav2Lip [13] is an inpainting style method that uses SyncNet expert loss to get good lip-sync.

PC-AVS [14] is a head reconstruction method that focuses on controlling pose apart from identity

and lip shape. For both these methods we use their publicly available pre-trained models for the

evaluation of all the datasets.

6.2.2.1 Quantitative Evaluation

For quantitative evaluation, we evaluate our model in terms of both the visual quality as well

as audio synchronization. For visual quality, we use FID [276], SSIM [277], and PSNR, which
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Table 6.5: Ablation over our losses (Cross generation)

Losses FID ↓ LMD ↓ Syncc ↑

Reconstruction 6.694 5.313 0.992
+ SyncNet 8.784 4.816 5.946
+ Perceptual 5.016 5.009 5.955
+ Seq. GAN 4.592 4.985 6.83
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Figure 6.12: Qualitative results of Reconstruction on VoxCeleb2 [6]. Here we provide only the first
frame as the input source (for pose) as well as the reference frame (for identity), and this frame is driven
using the audio (second row) coming from the same video (top row). Wav2Lip [13] blurs the lip region in
both cases to achieve the correct lip shape while PC-AVS has identity loss (see right) and border disconti-
nuity. Our generations look highly realistic and have the lip shapes as in the audio source. (Please zoom
in for better visibility.)

are popular metrics used in papers like Wav2Lip [13], PC-AVS [14], AV-CAT [262]. FID is a

popular metric used for comparing the “realness” of generated images by comparing against the

real image distribution. SSIM and PSNR are pixel-wise image similarity metrics that compare

a pair of images and are not suited for capturing variability in video generation [278] but are

included in this work for completeness. While to measure synchronization we use LMD [279],

Syncc, and Syncd [280]. LMD measures the distance between mouth landmarks among frames.

Syncc is the confidence score of SyncNet while Syncd is the average distance between SyncNet

video and audio representations, which tell the synchronization quality. Note that for evaluation,
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Figure 6.13: Qualitative results of Cross generation on VoxCeleb2 [6]. Here we provide a video source
(first row) and drive that identity-pose combination using audio coming from a different video (second
and third rows). Wav2Lip [13] blurs its generations, for example, beard region details are missing on the
right. PC-AVS’s [14] generations have flaws like identity loss, in both cases. They introduce artifacts near
the eyes on the left while there is identity loss on the right. Our method generates realistic mouths with
expressive lips while being in sync with the audio source. In the bottom 2 rows, we can see that the lip
region of our generations match those of the audio source. (Please zoom in for better visibility.)

we use the pre-trained SyncNet from the SyncNet’s [280] repository but for training, we train our

own SyncNet, similar to Wav2Lip[13] and AV-CAT[262]. We use pre-trained models of Wav2Lip

and PC-AVS methods to conduct our evaluations. Wav2Lip has provided its code for calculating

FID and Syncc and we use the same for these metrics. We use face-alignment [281] for landmark

detection and the LMD metric proposed in [279]. For SSIM and PSNR we use the same inputs

as used for FID, consequently, our values are a bit different compared to [14]. This is possibly

because they evaluate these metrics at different scales and lack these evaluation details. On the

other hand, we tend to get better LMD and Syncc values for PC-AVS than noted in their paper.

Some papers like [259] show PC-AVS’s metrics only for reference as its generations occasionally

fail in landmark detection. For uniformity of scale, we uncropped PC-AVS’s generations and
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Figure 6.14: Qualitative Visual-quality Comparison. We zoom in on the mouth region of two examples
and compare them against the video source. Wav2Lip [13] blurs the lip region while PC-AVS [14] tends
to change the identity. Diff2Lip preserves identity and generates high-fidelity lips.

paste them back on the background before evaluation.

Reconstruction. Similar to the setting mentioned in [14] and later used in [259] and [262], we

evaluate the methods on the task of reconstruction of the video given only the first frame and the

audio corresponding to the same video. The audio is used as the driver for this reconstruction.

Note that PCAVS requires an additional pose input apart from the identity input. We feed the

first frame to it for both inputs, similar to the “fixed pose” setting in their paper. For Wav2lip

and ours, the first frame acts as both the input frame and the reference frame. For Voxceleb2, we

show the results on 4911 test utterances instead of 35K videos due to resource constraints. These

4911 utterances are the first utterance of each video in the test set, and hence cover all the videos

in the test set. For LRW, our results are noted on all 25K videos in the test set.

The results are noted in Table 6.4. We observe that Diff2Lip outperforms both the methods

with respect to FID metric on both datasets which points towards better generation quality. The

SSIM, PSNR and LMD values of our method are comparable with the other methods. We see that

Wav2Lip’s Syncc is better than both ours and PC-AVS’s. This is possibly because our SyncNet

expert may be weaker in performance compared to the one used in Wav2Lip.

Cross generation. We also evaluate the method on the task of lip-sync when the identity and the

pose are controlled using a video while the lip-sync is driven using input audio corresponding to a
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Table 6.6: User Study measured by Mean Opinion Scores (MOS) (max. 5) and Preference in percentage.

Measure Wav2Lip PC-AVS Diff2Lip

MOS (Visual quality) ↑ 3.75 2.71 4.16
MOS (Lip-sync quality) ↑ 3.84 3.34 3.86
MOS (Overall quality) ↑ 3.70 2.91 3.91
Preference ↑ 37% 8.33% 54.67%

different video. This was introduced in [13] and is a more realistic setting as here the generations

are closer to lip-sync in-the-wild. We use the input frame as the reference frame in this setting

similar to Wav2Lip, as that provides the best texture information of the frame. For PC-AVS, the

input frames are fed as both pose and identity sources. Note that we cannot evaluate SSIM and

PSNR for this setting because there are no ground truth frames available. So, we provide the rest

of the metrics in Table 6.4. For Voxceleb2, we select 4970 pairs of audio-video combinations

where the two sources are different. We sample these using all the pair combinations of the first

utterance of the first video coming from 71 randomly chosen test identities. For LRW, we use the

28K audio-video pair provided in Wav2Lip’s [13] evaluation. The results are noted in Table 6.4.

Similar to reconstruction evaluation, we here as well observe that our method excels in image

quality while being comparable in other metrics except for Syncc.

6.2.2.2 Qualitative Evaluation

For qualitative evaluation, we show visually compare against on both reconstructions (in

Fig. 6.12) as well as cross generation (in Fig. 6.13). These settings are the same as introduced

in Section 6.2.2.1. It can be observed in these qualitative results that PC-AVS tends to lose the

identity of the source video and also suffers from boundary discontinuity problems which make it

unsuitable for in-the-wild generation. On the other hand, Wav2Lip tends to generate blurred-out
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mouth regions so as to achieve good lip sync. Diff2Lip does not suffer from these issues and

is able to generate high-quality mouth region while having expressive lip shapes which correctly

correspond to the ground truth (audio sources’ mouth shape) as seen in Fig. 6.14.

User Study. We conduct a user study where we ask 15 participants to judge lip-sync

videos generated in cross generation setting by Diff2Lip and two other methods. 20 videos were

sampled from the VoxCeleb2’s test set and are driven by randomly selected driving audios. The

participants rated the videos 1-5 (where higher is better) in the aspects of (1) Visual quality (2)

Lip-sync quality, and (3) Overall quality. We used the Mean Opinion Score (MOS) measure

to aggregate these ratings. Further, we record the percentage of times users preferred a method.

We present the results in Table 6.6, where we see that our method surpasses others in all the

categories. In terms of Lip-sync quality, this is opposed to our quantitative results, especially

Syncc. We speculate that Syncc, might favor blurry generations with high temporal consistency

while humans prefer high fidelity over slight temporal inconsistency.

6.2.2.3 Ablations

We conduct an ablation study to showcase the contribution of various losses used during

training. Specifically, we train our model in three different settings in which we introduce an

additional loss in each setting. First, we train our model using only Lsimple (Reconstruction). Sec-

ond, we train another version of the model using Lsimple+L2+Lsync (+ SyncNet). Here intuitively

the Lsync should introduce better synchronization. Third, we further add a perceptual loss Lsync

(+ Pecept). We add this loss because adding the SyncNet loss led to worse image quality. Finally,

we add the sequential adversarial loss LGAN to achieve even temporal consistency(+ Seq. GAN).
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We test these on a smaller subset of 500 VoxCeleb2 test audio-video pairs in the cross generation

setting as well as the reconstruction setting.

It can be seen in Table 6.5 that moving from “Reconstruction” to “+ SyncNet” gives a sud-

den improvement in the Syncc metric. This supports our intuition that only reconstruction-based

losses are not enough. We also see that this transition deteriorates the image quality. This gets

solved as we move to the “+ Perceptual” setting. Finally, the addition of sequential adversarial

loss not just further improves the image quality but also improves the Syncc, clearly showing the

advantage of this loss. In the reconstruction setting in Table 6.3, most of these observations still

hold except FID being lower for “+ Perceptual” than “+ Seq. GAN”. This could be attributed to

the static nature of the input source in this setting while the ground truth is moving.
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Part III: Generation for Recognition
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Chapter 7: Gen2Det: Generate to Detect

Recent developments in generative modeling using diffusion models has drastically im-

proved the quality of the generation. Works like LDM [282], DALL-E [283, 284], Imagen [285],

Parti [286] have shown the generation power which diffusion models possess. In addition to

these models which can generate high quality images given a text input, there have been mul-

tiple developments in the direction of higher control in generation. Along this direction exist

works which use conditional control like ControlNet [287] and GLIGEN [288]. There are also

works like LoRA [289] and Dreambooth [290] which provide means to adapt these large models

in a quick and efficient manner to generate specific kinds of images. With these developments

in both quality and control of synthetically generated images, it is only natural to come back to

the question of “How to best utilize data generated from these models for improving recognition

performance?”.

Most previous works [291, 292, 293] have explored using synthetic data from diffusion

models for classification and pre-training tasks. The goal of our work is to look at utilizing more

realistic scene configurations by generating images conditioned on the existing layout of boxes

and labels and use them for object detection and segmentation. A recent work, XPaste [294],

explores this problem and utilizes techniques similar to simple copy-paste [295] to paste synthet-

ically generated object-centric instances onto real images for object detector training. However,
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Figure 7.1: Existing approaches which utilize synthetic data for detection training (a [top]) follow a com-
mon methodology of generating object-centric images and pasting instances on real images. Gen2Det
(a [bottom]) instead utilizes state-of-art grounded inpainting diffusion model to directly generate scene-
centric images. Further, Gen2Det performs filtering to handle unsuitable generations both at image and
instance level. Finally, during detector training we introduce changes to handle the filtered synthetic data
better. As a result, our method consistently improves over vanilla training and the AP improvements in-
crease (b) as the classes becomes rare (i.e, long-tailed classes).

their method relies on off-the-shelf segmentation methods built over CLIP [62, 296, 297, 298,

299] to extract masks, and is thus subject to segmentation errors. In addition to the extra compo-

nents and compute, the generated images from XPaste are also not realistic as they do not respect

natural layouts due to random pasting as shown in Figure 7.1a (top). In contrast, as shown in

Figure 7.1a (bottom), Gen2Det leverages state-of-art diffusion models for grounded inpainting

to generate scene-centric images which look more realistic. The goal of our approach is to show

that utilizing such generated data from state-of-art diffusion models can lead to improvement

in performance of object detection and segmentation models. By using a grounded inpainting

diffusion model as our base generator, we are able to generate synthetic versions of common

detection datasets like LVIS [300] and COCO [68] in a layout conditioned manner. We then

carefully design a set of filtering and training strategies, with which we demonstrate that we can

improve detection performance when training on the joint set of real and synthetic images. More
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specifically, we sample batches of synthetic and real images with a sampling probability. Dur-

ing loss computation we also modify the loss for synthetic data to account for filtered instances.

Additionally, without utilizing any additional models or data (including segmentation masks)

during training, we show improvements in segmentation performance as a byproduct. The clear

improvement over vanilla training shown in Figure 7.1b for classwise Box AP with increasing

rarity of classes makes a strong case for such a pipeline especially in long-tailed or low data

regimes.

We emphasize the importance of the proposed filtering and training techniques to incorpo-

rate synthetic data through our ablations, as we show that directly training on the generated data

or mixing it with real data in a naive manner ends up hurting the performance. It is important

to do the proper filtering and loss modifications to mitigate shortcomings of the generations and

let the model learn from the mix of real and synthetic data. We propose Gen2Det as a general

approach to utilize synthetic data for detector training. Due to its modular nature, different com-

ponents can be updated as the field progresses. This includes utilizing better generators, filtering

techniques, architectures and training recipes. We highlight our contributions below:

• Propose to use state-of-art grounded-inpainting models to generate synthetic data in a man-

ner that respects the realistic scene layouts.

• Propose techniques to perform filtering at image and instance level along with changes in

the detector training in order to utilize such synthetic data effectively and handle imperfec-

tions in generated instances.

• Through our experiments we show consistent improvement across datasets and architec-

tures especially in long-tailed and low data settings. There is also considerable gains for
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rare categories which are shown on the long tailed LVIS dataset.

• We also provide quantitative and qualitative ablations to showcase the effect of different

hyperparameters and components of our approach which would help further research in

usage of such synthetically generated data.

7.1 Related Works

Diffusion Models for Controllable Image Generation. Diffusion models have been shown to

generate images with unprecedented high quality. Amongst these models a few of the popular

models which can generate images from text prompts include LDM [282], DALL-E [283, 284],

Imagen [285], and Parti [286]. In addition to just text guided generation there have been further

improvements in having more controllable generation and editing through different inputs [287,

288, 301, 302, 303, 304, 305, 306]. One of the popular works ControlNet [287] provides multiple

ways to enable control including using edge maps, scribbles, segmentation masks amongst other

modalities. GeoDiffusion [307] and LRDiff [308] also provide novel ways to condition and

generate grounded images. Another work GLIGEN [288] also performs grounded generation

and inpainting conditioned on boxes, keypoints, HED maps, edge maps and semantic maps with

an open vocabulary.

Synthetic Data for Detection. There has been prior non-diffusion based work exploring the

use of synthetic data for detection. Some works have explored using image-based blending all

the way to depth and semantics informed positioning [309] for creating synthetic data. There

have been other works which use computer graphics based approaches to render synthetic data

by varying lighting and orientations [310, 311] to generate variations in instances. Further there
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have been a line of augmentations belonging to the copy-paste family [295, 312, 313, 314] where

object instances are cropped and pasted on images at different locations. All these approaches

end up repeating instances already present in the training set.

Leveraging Synthetic Data from Diffusion Models. Due to its high quality generation and the

flexibility in handling multimodal data (e.g, vision and language), there has been recent work in

using pretrained diffusion models for different tasks. Peekaboo [315] shows the use of diffusion

models as zero shot segmentors while other works [316, 317] have shown that diffusion models

can act as zero shot classifiers. StableRep [293] uses data generated by diffusion models to train

self-supervised models. Some works explore using diffusion model features [318, 319, 320, 321,

322] directly for downstream tasks. There have also been works exploring the use of synthetic

data from diffusion models to improve image classification [291, 292, 323, 324, 325]. While the

classification task has had a lot of exploration with synthetic data due to the object-centric nature

of images which these models can generate easily, the detection task is less explored as it’s harder

to generate data with grounded annotations using these models. Recent studies [326, 327, 328]

explored the use of such data in constrained few shot settings for detection where the gains

are expected. Another work FreeMask [329] utilizes synthetic data for panoptic segmentation

but requires segmentation masks to generate data. Recently, XPaste [294] showed consistent

improvements using the CenterNet2 [330] architecture. Specifically, XPaste [294] uses diffusion

models to generate object-centric images and uses multiple CLIP [62] based approaches [296,

297, 298, 299] to extract segmentation maps which makes it slow and error-prone. Following

the extraction of instances and their segmentation maps, they use synthetic and real instances

(retrieved from an additional real dataset) to perform copy-paste [295] augmentation to generate

synthetic data. Gen2Det on the other hand does not use any additional CLIP based approaches.
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Figure 7.2: Gen2Det: our proposed pipeline for generating and utilizing synthetic data for object
detection and segmentation. Gen2Det starts by generating grounded inpainted images using state-of-art
diffusion model. The generated images are then filtered at image and instance level to remove globally
bad images as well as low quality individual instances. Finally, we train object detection and segmentation
models using the filtered data along with our improved training methodology by introducing sampling and
background ignore.

Rather, once we generate the data we only train with bounding box labels but show improvements

in both box and mask AP. Also in terms of training speed, we are 3.4× faster compared to XPaste

with the same configuration.

7.2 Approach

7.2.1 Overview

Through Gen2Det, we provide a modular way to generate and utilize synthetic data for

object detection and instance segmentation. As shown in Figure 7.2, we start by generating

data using state-of-art grounded image inpainting diffusion model. As the generations may not

always be perfect we perform image level and instance level filtering. The image level filtering

removes overall poor quality synthetic images while the instance specific filtering discards poor
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quality instance annotations. The image level filtering is performed using a pre-trained aesthetic

classifier [331] while the instance level filtering is performed using a detector trained on the

corresponding real data. After performing filtering, the images are suitable for training using our

proposed training strategy. While we do not make any architectural changes to the detector to

keep the pipeline general enough, we perform a probability based batch sampling to select the

data source between synthetic and real images. Further while computing the losses, we modify

the negatives corresponding to the synthetic data to be ignored from loss computation to account

for the filtering we performed.

7.2.2 Image Generation

We start our pipeline by generating synthetic images by utilizing a state-of-art grounded

inpainting diffusion model. This model is trained to support multiple kinds of input conditions.

We utilize the model trained for image inpainting with the image, boxes, and corresponding

labels as input. Specifically, for each image I in the dataset with box annotations B, we provide

as input the image and the corresponding annotations to the diffusion model and ask it to inpaint

the annotated regions with new instances of the same class by providing the box label as input.

As inpainting model requires an image and box level text description, for each box bi we use the

class name <ci> as the box level prompt and a concatenation of strings <a c1, a c2, ... and a cn>

as the image level prompt where n is the number of instances in the image. We show examples

of images generated using this technique in Figure 7.3.
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7.2.3 Filtering

The images generated using the strategy described above may not always contain good

generations so it is important to filter out low quality generations before using them to train a

detection model. We perform two levels of filtering. First we filter at image level followed by a

more granular instance level filtering. We describe each of these below.

Image Level Filtering. Image level filtering removes synthetic images that appear visually un-

appealing at a global scale. We do this by utilizing a pretrained model [331] which is trained

to predict how pleasing the image looks visually by assigning each image an aesthetic score. A

higher score indicates a more aesthetically pleasing image. Based on qualitatively analyzing im-

ages and computing the average aesthetic score for real images (from COCO) we set a threshold

for aesthetic filtering τa. Any image with an aesthetic score less than τa is discarded and its cor-

responding annotations are removed. We show the effect of this filtering by visualizing discarded

samples in Figure 7.4.

Instance Level Filtering. As a more granular level of quality assurance, we also perform an extra

filtering step at the instance level. This filtering is designed to remove annotations for specific

generated instances which do not have good generation quality. In order to perform this filtering

we first train a detector on only the real data. We then pass all the generated images through

the trained detector and store its predictions. Based on the detectors predictions we evaluate

whether a ground truth annotation corresponding to an inpainted region should be utilized for

training or not. This step is important to handle poor quality/incorrect generations. To do this,

for each generated image we iterate over all ground truth annotations used to generate it. For

each annotation we go through all predictions and remove the ground truth annotation if there
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Figure 7.3: Examples of synthetically generated data using COCO. The first and fifth columns correspond
to the original COCO images and the rest of the columns are generations with different seeds.

is no overlapping prediction with a score greater than τs and IoU greater than τiou. This helps

remove ground truth annotations corresponding to generation which are either bad quality as the

pre-trained detector is not able to predict it with even a low confidence threshold, or for which

the region where they are generated is not the ground truth region. We show results of the kind

of annotations removed using this filtering in Figure 7.5.

7.2.4 Model Training

Once the data is ready for use we describe our training strategy to utilize the synthetic

dataset along with the real dataset. It should be noted that for synthetically generated images we

do not have the segmentation masks for the generated instances so we do not apply the mask loss

for those images.

Batch Sampling. We utilize both the real and synthetic data for training the final model. To

do this, we need to figure out how to mix the two datasets together in a way which lets us

utilize the full potential of the real data but at the same time extracts as much useful information

206



from the additional synthetic data as possible. Naively using only the synthetic dataset and a

naive combination of synthetic and real datasets during training leads to drop in performance

as shown in the ablations. Therefore, to best use both the real and synthetic datasets, we end

up defining a sampling probability p. Specifically, a batch is chosen to comprise of completely

synthetically generated samples with the sampling probability p during training. This sampling

strategy interleaves batches of synthetic and real data and as we will show leads to effective

learning from both data sources.

Background Ignore. While the filtering we perform at both image and instance level can deal

with bad quality generations, they also introduce some noise especially for classes for which

the detector itself has poor quality predictions. Essentially, the instance level filtering removes

ground truth annotation corresponding to bad quality/incorrect generations but that does not re-

move the bad instance itself from the image. Additionally, the generative model could have also

hallucinated multiple instances of an object class leading to missing annotations. To counter the

effect of both these scenarios we introduce an ignore functionality during training. Essentially,

for both the region proposal network (RPN) and detector head we ignore the background regions

from the loss computation, if their fg/non-bg class prediction score is higher than a threshold

τi. This lets us train even in the presence of some bad quality regions without incorrectly pe-

nalizing the detector for predicting objects at those locations. This is an important change in

training to allow our model to effectively utilize synthetic images with incorrectly hallucinated

instances, as the instance level filtering only removes the instance annotation but does not handle

hallucinations.

Additionally, as stated before we do not utilize any additional mask information for the

synthetic data as we only inpaint using boxes. Due to the lack of masks for synthetic data we
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Table 7.1: Comparisons on LVIS using Centernet2 archi-
tecture. We report the overall AP and also AP for rare
classes (APr) for both box and mask evaluations.

Method
Box Mask

AP APr AP APr

Vanilla (real only) 33.80 20.84 29.98 18.36
Vanilla (synth only) 11.27 6.54 - -
Vanilla (synth+real) 31.82 20.68 27.49 18.35
XPaste 34.34 21.05 30.18 18.77
Ours 34.70 23.78 30.82 21.24

Table 7.2: Comparisons with baselines on
COCO dataset using Centernet2. We report the
Box AP (APb) and Mask AP (APm).

Method APb APm

Vanilla (real only) 46.00 39.8
Vanilla (synth only) 24.51 -
Vanilla (synth+real) 44.35 37.03
XPaste 46.60 39.90
Ours 47.18 40.44

ignore the mask loss for the synthetic images. Even with this, as shown in our quantitative results,

we see an improvement in both box and mask performance.

7.3 Results

7.3.1 Experimental Setting

We evaluate our approach on LVIS [300] and COCO [68] datasets. These datasets provide

a standard benchmark for object detection and instance segmentation approaches. LVIS is a

long tailed dataset with 1203 classes utilizing the same images as COCO which contains only

80 classes. The long tailed nature of LVIS makes it especially appealing to showcase the use

of synthetic data for the rare categories. We report the Average Precision (AP) for both these

datasets and compare using the box AP (APb) as well as mask AP (APm). For LVIS based

on the dataset definition we also report the AP for rare categories separately to highlight the

improvements there. Further, we also report results on artificially created subsets of COCO to

simulate the low-data regime by using 1%, 5%, 10%, 20%, 30%, 40% and 50% randomly selected

images from COCO.
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We utilize the Detectron2 framework [134] for training all the models and use the XPaste

code to run their baselines. We use the Centernet2 clone adapted for instance segmentation.

For LVIS, we rerun XPaste to get the results corresponding to adding only additional synthetic

data. For COCO, we directly adopt their evaluation numbers due to the lack of corresponding

configs and details for reproduction. Following their code we also utilize the ImageNet-22k [93]

pretrained models for the Centernet2 experiments while using the ImageNet-1k [93] models from

Detectron2 for the rest of the experiments which is common practice. We utilize the Mask R-

CNN [332] architecture and the LVIS dataset for our ablations. The Mask R-CNN [332] and

Faster R-CNN [116] are implemented in the Detectron2 framework [134].

For data generation, we utilize a state-of-art diffusion model for grounded inpainting using

the images from LVIS and COCO along with their annotations which contain the boxes and class

labels. For aesthetic filtering, we utilize the open source model available in their repository [331].

For aesthetic filtering we set τa to 4.5 which is roughly the same as the average aesthetic score on

real COCO images. For instance level filtering we set τs as 0.2 and τiou as 0.3 for LVIS. We use

the same τiou for COCO and set τs as 0.1. During training, we use a sampling probability p = 0.2.

We set τi to 0 for both datasets thus effectively ignore all background regions corresponding to

the synthetic data from the loss.

On 8 GPUs generation takes ∼1.25s per image generation. 1× synthetic LVIS data contains

100,170 images and 1,270,141 instances. Image level filtering reduces the images and instances

to 77,513 and 1,005,854 respectively. Instance level filtering reduces the instances to 472,114

with the same image count as it does not remove any images. These are fairly consistent across

generation seeds with similar ratios of removal for COCO.
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Table 7.3: Results across different backbones on the LVIS
dataset. We report both Box and Mask AP overall as well
as for the rare (APr) categories.

Method
Box Mask

AP APr AP APr

Faster R-CNN 21.39 10.05 - -
Faster R-CNN (Ours) 22.90 12.78 - -
Mask R-CNN 22.29 10.63 21.83 11.15
Mask R-CNN (Ours) 24.42 15.43 23.67 15.33
Centernet2 33.80 20.84 29.98 18.36
Centernet2 (Ours) 34.70 23.78 30.82 21.24

Table 7.4: Comparisons across architectures
on COCO dataset. We report the Box AP
(APb) and Mask AP (APm).

Method APb APm

Faster R-CNN 40.20 -
Faster R-CNN (Ours) 40.56 -
Mask R-CNN 41.08 37.14
Mask R-CNN (Ours) 41.53 37.46
CenterNet2 46.00 39.8
CenterNet2 (Ours) 47.18 40.44

7.3.2 Quantitative Results

Comparison on LVIS. We start by comparing our approach to the existing works in Table 7.1

on the LVIS dataset with CenterNet2 backbone. Over vanilla training we show that our method

improves the Box and Mask AP over rare categories by 2.94 and 2.88 respectively with a 0.9 and

0.84 Box and Mask AP improvement overall. Despite the fact that XPaste utilizes four different

CLIP based approaches [296, 297, 298, 299] to obtain segmentation masks and is also 3.5×

slower to train compared to our approach on LVIS, we are able to outperform XPaste by 2.73

Box AP and 2.47 Mask AP on the rare categories and by 0.36 and 0.64 Box and Mask AP across

all categories. The huge gains in rare categories and overall improvements highlight our methods

effectiveness in both long tailed as well as general settings.

Comparison on COCO. We compare on the COCO benchmark in Table 7.2. On COCO too we

show an improvement of 1.18 and 0.64 on Box and Mask AP over vanilla training. Compared

to XPaste we improve by 0.58 Box AP and 0.54 Mask AP. We note that compared to LVIS

the improvements are slightly lower here as LVIS is a more long-tailed dataset where adding

synthetic data shines.
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Table 7.5: Performance on the LD-COCO setting. The LD-COCO data is a randomly selected subset of
COCO with different percentages of images from the dataset. We report results using both Box AP (APb)
and Mask AP (APb).

Method AP
Image %

1 2 5 10 20 30 40 50

Vanilla
APb 11.76 16.07 19.52 25.29 29.32 33.02 34.39 36.52
APm 11.34 15.36 18.48 23.35 26.97 30.37 31.36 33.20

Gen2Det
APb 14.84 (+3.08) 18.42 (+2.35) 22.91 (+3.38) 27.62 (+2.33) 31.76 (+2.44) 34.70 (+1.68) 36.09 (+1.69) 37.74 (+1.22)
APm 13.89 (+2.55) 17.27 (+1.91) 21.17 (+2.69) 25.34 (+1.99) 29.03 (+2.06) 31.65 (+1.28) 32.67 (+1.30) 34.24 (+1.04)

Comparison on LD-COCO. In order to simulate a low-data regime on COCO with fewer images

and labels, we create random subsets of different percentages of COCO images. In Table 7.5

we show results on the low-data (LD) version of COCO. We show consistent improvement in

both Box and Mask AP across different image percentages. On average we improve the Box and

Mask AP by 2.27 and 1.85 points respectively. This shows that adding synthetic data is especially

fruitful in both long tailed and low data regimes.

Comparison Across Backbones. We further show comparison across architectures by compar-

ing to performance with vanilla training using only the real data. Table 7.3 shows comparison on

LVIS dataset. We observe consistent improvement in overall box and mask AP, and as mentioned

above, our method especially shines for the rare categories. For the MaskRCNN architecture we

show a substantial gain in performance with an improvement of 2.13 Box AP and 1.84 Mask AP

over just training on real data. The improvements on rare categories are even higher with a gain

of 4.8 Box AP and 4.18 Mask AP, highlighting the efficacy of using synthetic data in the Gen2Det

pipeline for rare/long-tailed categories. Table 7.4 shows a similar analysis on COCO. For COCO

too we see consistent improvements in both Box and Mask AP across different architectures.
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7.3.3 Ablation

Effect of Different Components. Table 7.6 summarizes the effect of incorporating different

components in our pipeline. We report the Box AP and Box APr for this analysis along with

the respective improvement deltas introduced by each component over the baseline. Row 1 and

2 correspond to only training with the real and synthetic data respectively. It can be noted that

naively training on only the synthetic or a simple combination of real and synthetic data (row

3) leads to a degradation in overall AP. Combining the two sets (row 3) does lead to a marginal

increase in Box APr due to the addition of more instances of the rare categories. Adding synthetic

data along with sampling (row 4) gives us a boost of 1.2 in overall Box AP and 2.58 for the rare

categories.

Further, incorporating image level filtering which removes bad quality images in their en-

tirety gives us a improvement of 1.49 Box AP and 3.16 Box APr (row 5). Following our filtering

pipeline, performing instance level filtering on its own (row 6) does not work much better than just

image level filtering as it ends up removing annotations corresponding to bad quality generations

but the instances still remain in the images. Additionally, we also try performing background loss

ignore for the synthetic data without instance level filtering (row 7), and that does not lead to an

improvement on its own rather leads to a drop in performance. Finally, in row 8 we see that in-

stance level filtering coupled with background ignore takes care of the discarded annotations and

leads to a net total improvement of 2.13 AP and 4.8 APr. It should be noted that instance level

filtering alone only removes certain annotations from training, using it with background ignore

unlocks the full potential of such filtering and is important for training with synthetic data which

might not always be perfect.
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Table 7.6: Ablation of various components of proposed approach on LVIS using Mask R-CNN. We report
the Box AP overall as well as rare (APr) categories.

Row Real Data Synth. Data Sampling Img. Filt. Inst. Filt. Bg. Ignore Box AP ∆AP Box APr ∆APr

1 ✓ ✗ ✗ ✗ ✗ ✗ 22.29 − 10.63 −
2 ✗ ✓ ✗ ✗ ✗ ✗ 7.67 -15.25 4.57 -6.06
3 ✓ ✓ ✗ ✗ ✗ ✗ 20.75 -1.54 10.91 0.28
4 ✓ ✓ ✓ ✗ ✗ ✗ 23.49 1.2 13.21 2.58
5 ✓ ✓ ✓ ✓ ✗ ✗ 23.78 1.49 13.79 3.16
6 ✓ ✓ ✓ ✓ ✓ ✗ 23.76 1.47 13.62 2.99
7 ✓ ✓ ✓ ✓ ✗ ✓ 23.32 1.03 12.77 2.14
8 ✓ ✓ ✓ ✓ ✓ ✓ 24.42 2.13 15.43 4.8

Table 7.7: Ablation on different hyperparameters on the LVIS dataset with Mask R-CNN backbone.

Config 1× 2× 3× 4×

AP 22.50 24.42 22.85 22.31

(a) Longer training schedule.

Probability 0.0 0.1 0.2 0.3 0.4 0.5

AP 22.29 23.23 24.42 23.42 23.28 22.52

(b) Effect of sampling probability.

Synthetic Data 0× 1× 2× 3× 4× 5×

AP 22.29 23.55 24.42 23.67 23.82 23.82

(c) Effect of generated data sample counts.

Effect of Longer Training. We try to see the effect of longer training by increasing the number

of iteration for the detector training. We also adjust the learning rate steps proportionally for each

experiment. As can be seen from Table 7.7a, starting with the 1× config and moving to 2× gives

us a boost as it is able to utilize the additional samples better but further longer training does not

work that well reduces performance as it starts overfitting to the data.

Effect of Sampling Probability. Here we vary the sampling probability p used during train-

ing which affects whether the batch should be made from real or synthetic data. We show the

change in performance for different synthetic probabilities in Table 7.7b. As can be seen in all

cases we are better than the vanilla training. We do see that initially increasing the sampling
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Figure 7.4: Examples of samples discarded during the image level filtering. As can be seen, image level
filtering is able to remove images with artifacts present at a global level.

probability to 0.2 helps and improves performance after which it decreases as the probability is

further increased. This might be because the real data which is pristine is seen lesser and lesser

after a certain probability value, and therefore we might get negatively impacted by the noise in

synthetic data.

Effect of More Synthetic Samples. Similar to longer training, adding more synthetic samples

also has a curved performance as shown in Table 7.7c. Adding 1× data is better than training on

only real data. Further increasing the number of synthetic samples to 2× improves the perfor-

mance. In our setting though, increasing them more leads to a reduction in performance. Ideally,

the goal would be to keep increasing the performance with more synthetic data but we leave that

for future work as it would require looking into improving diversity of generations which will

happen as the generators improve. Also adding more data under the current scheme ends up

generating more images with the same layout leading to a drop after a certain point. Increasing

diversity in layouts would be another way to improving performance further. Again, it should be

noted that in all cases, our performance is sufficiently better than vanilla training.
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Original Image Synthetic Image Original Image Synthetic ImageOriginal Image Synthetic Image

Figure 7.5: Examples of ground-truth instance annotations discarded by the instance level filtering (red
box). Instance level filtering is able to remove poor quality, missing, or incorrect generations.

7.3.4 Qualitative Results

We show qualitative outputs of different parts of pipeline using the COCO dataset. In

Figure 7.3 we show a few samples which are the scene-centric synthetic images generated using

the grounded inpainting model. The first column corresponds to the real image from COCO

dataset followed by multiple synthetic generations each with a different seed leading to diverse

instances.

We highlight a few samples which are discarded from the image level filtering step in

Figure 7.4. As can be seen these are images which do not look good at an image level even

though some of the instances might look fine. For example in the first image in first row, the

bicycle generation in the front seems incorrect. Similarly, in the first image in the second row,

the bigger airplane which covers a major part of the image does not look realistic.

In Figure 7.5 we show some examples of instances discarded by instance level filtering.

It can be seen that instance level filtering discards instances which have either been incorrectly

generated or are bad quality generations. For example in the first example in the first row, the gen-

eration does not correspond to the pizza rather a specific topping. Similarly, in the first example
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in the second row, there is no airplane generated in the ground truth region.

7.4 Discussion

With the huge strides in image generation in terms of both quality and control, we try

to tackle the problem of training detection and segmentation models with synthetic data. Our

proposed pipeline Gen2Det utilizes state-of-art grounded inpainting diffusion model to generate

synthetic images which we further filter at both image and instance level before using in train-

ing. We also introduce some changes in the detector training to utilize the data better and take

care of shortcoming which the data might pose both in terms of poor quality, incorrect or miss-

ing generations. Along with detailed quantitative ablations and qualitative outputs we show the

efficacy of different components of our approach. Finally, we show improvement across both

LVIS and COCO and show higher improvements on rare classes in the long tailed LVIS setting.

Additionally, we show improvement in low-data COCO setting too. Most interestingly, we show

improvement in segmentation performance without using any additional segmentation masks like

existing works. We hope Gen2Det acts as a general modular framework which can benefit from

future developments in both generation as well as detector training due to easily replaceable

general purpose blocks.

7.5 Appendix

7.5.1 Experimental Details

For learning rate for Faster and Mask R-CNN experiments we use the default LR of 0.08

which is scaled from 0.02 as we use 4× the batch size as the default configs. For LVIS, this
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LR was not stable so we use an LR of 0.04 accross all Faster and Mask R-CNN experiments.

For LD-COCO we do not perform filtering or background ignore due to already low number

of images and instances. As for compute as mentioned in the main paper, on 8 A100 GPUs

GLIGEN takes ∼1.25s per image generation. 1× synthetic LVIS data contains 100,170 images

and 1,270,141 instances. In total for both COCO and LVIS generating 1× data takes around 1.5

days on one 8 A100 node. We generated data across multiple GPUs paralelly giving us flexibility

to generate data much faster. For LVIS and COCO we generated 2× and 4× data respectively.

As for detector training based on the configs the LVIS and COCO training takes 14.5 hrs and 17

hrs respectively on a single 8 A100 GPU node.

We also show quantitative results for the common and frequent categories for the LVIS

dataset. Table 7.8 shows the comparison iwth baselines while Table 7.9 shows comparison in

performance across backbones.

Table 7.8: Comparisons on LVIS with baselines using Centernet2 architecture. We report the overall AP
and also AP for rare (APr), common (APc) and frequent (APf ) classes for both box and mask evaluations.

Method
Box Mask

AP APr APc APf AP APr APc APf

Vanilla (real only) 33.80 20.84 32.84 40.58 29.98 18.36 29.64 35.46
Vanilla (synth only) 11.27 6.54 9.35 15.51 - - - -
Vanilla (synth+real) 31.82 20.68 31.18 37.42 27.49 18.35 27.08 31.96
XPaste 34.34 21.05 33.86 40.71 30.18 18.77 30.11 35.28
Ours 34.70 23.78 33.71 40.61 30.82 21.24 30.32 35.59

7.5.2 Quantitative Results on COCO-O

Our work uses the commonly used COCO and LVIS benchmarks for evaluation which are

widely-accepted and representative benchmarks. To evaluate the robustness perspective of using
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Table 7.9: Results across different backbones on the LVIS dataset. We can see consistent improvement
across various backbones with especially higher gains on the rare categories. We report both Box and
Mask AP overall as well as for the rare (APr), common (APc) and frequent (APf ) categories.

Method
Box Mask

AP APr APc APf AP APr APc APf

Faster R-CNN 21.39 10.05 19.46 28.51 - - - -

Faster R-CNN (Ours) 22.90 12.78 21.19 29.27 - - - -

Mask R-CNN 22.29 10.63 20.15 29.80 21.83 11.15 20.42 28.10

Mask R-CNN (Ours) 24.42 15.43 22.63 30.38 23.67 15.33 22.62 28.51
Centernet2 33.80 20.84 32.84 40.58 29.98 18.36 29.64 35.46

Centernet2 (Ours) 34.70 23.78 33.71 40.61 30.82 21.24 30.32 35.59

synthetic data fro training, we also evaluate our method on COCO-O [333] and achieve mean

AP of 19.04 improving over vanilla training performance of 18.13 without any specific genera-

tions corresponding to cartoon, sketch etc. Additionally, the ablations show filtering improves

performance, indicating the poor quality of filtered samples.

7.5.3 Pasting Object Centric Instances

We use state-of-art text to image diffusion model to generate object centric images for each

instance annotation and paste them on corresponding LVIS images in a layout satisfying manner

using the box coordinates. We use the prompt a photo of < c > where c is the class name for

that instance. We then train the detector with vanilla training and sampling synthetic and real

data with equal probabilities. This gives us a Box AP of 22.50 and Mask AP of 21.45 which is

lower than the performance obtained through Gen2Det where we get 24.42 Box AP and 23.67

Mask AP.

218



7.5.4 Ablations

7.5.4.1 Ablation on τs

We vary τs which is the score threshold we use for detector filtering. For this experiment

we keep τiou fixed at 0.3. We show the results for this in Table 7.10. It can be seen that initially

increasing the score threshold helps but after 0.2 increasing it further leads to a reduction in

performance. This might be because we filter out too many annotations.

7.5.4.2 Ablation on τiou

We vary τiou which is the score threshold we use for detector filtering. For this experi-

ment we keep τs fixed at 0.2. We show the results for this in Table 7.11. It can be seen that

initially increasing the IoU threshold helps but after 0.3 increasing it further leads to a reduction

in performance. This might be because we filter out too many annotations.

7.5.4.3 Ablation on τi

We vary τi which is the score threshold we use for background ignore. We show the results

for this in Table 7.12. It can be seen that initially setting the score threshold to 0 which ends up

ignoring all background instances from the synthetic data works the best. After that increasing it

reduces it with sporadic increases at certain thresholds.
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7.5.5 Qualitative Results

7.5.5.1 Qualitative Inpainted Generation

We show qualitative generation on the LVIS dataset in Figures 7.6 and 7.7. These gen-

erations utilize the LVIS annotations and images along with state-of-the-art grounded inpainting

model to generate the instances conditioned on the class labels, box labels, and input images.

We also show qualitative generation on the COCO dataset in Figures 7.8 and 7.9 utilizing

COCO annotations and images to generate them.

7.5.5.2 Qualitative Results for Image Filtering

In Figure 7.10 we show results of the image level filtering by visualizing images discarded

during this step on the LVIS dataset. It can be seen there are high level issues in the generations.

In the third image in row 1 the sign seems to have some weird patterns. In row 3 the second

image has low quality aircraft generations. Similarly in the second image in the last row the cat

generation is not great.

We also show more image filtering results on the COCO dataset and visualize the discarded

images in Figure 7.11.

7.5.5.3 Qualitative Results for Detector Filtering

We present some examples for detector filtering on LVIS in Figure 7.12. We show the

original and generated instances for each of the images and show the ground truth instance anno-

tation(s) being discarded for each image in red. We also show examples of detector filtering on
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Table 7.10: Comparisons across different τs keeping τiou fixed at 0.3 on the LVIS dataset. We report the
overall AP and also AP for rare (APr), common (APc) and frequent (APf ) classes for both box and mask
evaluations.

τs
Box Mask

AP APr APc APf AP APr APc APf

0.1 23.85 14.04 21.89 30.36 23.16 14.21 21.92 28.49
0.2 24.42 15.43 22.63 30.38 23.67 15.33 22.62 28.51
0.3 23.59 13.21 21.74 30.21 22.89 13.50 21.66 28.39
0.4 23.75 13.48 21.97 30.25 23.03 13.81 21.86 28.38
0.5 23.62 13.69 21.56 30.28 23.05 14.24 21.75 28.36

Table 7.11: Comparisons across different τiou keeping τs fixed at 0.2 on the LVIS dataset. We report the
overall AP and also AP for rare (APr), common (APc) and frequent (APf ) classes for both box and mask
evaluations.

τiou
Box Mask

AP APr APc APf AP APr APc APf

0.1 23.49 12.90 21.70 30.15 22.82 12.90 21.77 28.35
0.2 23.56 12.32 22.05 30.18 22.88 12.58 22.08 28.31
0.3 24.42 15.43 22.63 30.38 23.67 15.33 22.62 28.51
0.4 23.73 13.09 22.02 30.32 23.12 13.40 22.13 28.49
0.5 23.77 13.22 21.89 30.51 22.91 13.33 21.58 28.60

COCO in Figure 7.13.

7.5.5.4 Predictions on Generated Images

We visualize a few prediction on generated LVIS images in Figure 7.14.

7.5.5.5 Images Filtered at Different Thresholds

We visualize a few examples which are filtered at different image level filtering thresholds

in Figure 7.15. We can observe from left to right higher score corresponds to better visual quality.
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Original Image Synthetic Image Synthetic Image Synthetic Image

Figure 7.6: Examples of generations using the inpainting diffusion model on the LVIS dataset. The first
column corresponds to the original LVIS images and the rest of the columns are generations with different
seeds. These generated images are then fed to our filtering pipeline for further processing before use in
training.
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Original Image Synthetic Image Synthetic Image Synthetic Image

Figure 7.7: Examples of generations using the inpainting diffusion model on the LVIS dataset. The first
column corresponds to the original LVIS images and the rest of the columns are generations with different
seeds. These generated images are then fed to our filtering pipeline for further processing before use in
training.
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Original Image Synthetic Image Synthetic Image Synthetic Image

Figure 7.8: Examples of generations using the inpainting diffusion model on the COCO dataset. The
first column corresponds to the original COCO images and the rest of the columns are generations with
different seeds. These generated images are then fed to our filtering pipeline for further processing before
use in training.
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Original Image Synthetic Image Synthetic Image Synthetic Image

Figure 7.9: Examples of generations using the inpainting diffusion model on the COCO dataset. The
first column corresponds to the original COCO images and the rest of the columns are generations with
different seeds. These generated images are then fed to our filtering pipeline for further processing before
use in training.
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Figure 7.10: Examples of samples discarded during the image level filtering on LVIS. As can be seen,
image level filtering is able to remove images with artifacts present at a global level.
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Figure 7.11: Examples of samples discarded during the image level filtering on COCO. As can be seen,
image level filtering is able to remove images with artifacts present at a global level.
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Original Image Synthetic Image Original Image Synthetic Image

Figure 7.12: Examples of ground-truth instance annotations discarded by the detector filtering highlighted
in red for LVIS dataset.
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Original Image Synthetic Image Original Image Synthetic Image

Figure 7.13: Examples of ground-truth instance annotations discarded by the detector filtering highlighted
in red for COCO dataset.
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Table 7.12: Comparisons across different τi on the LVIS dataset. We report the overall AP and also AP for
rare (APr), common (APc) and frequent (APf ) classes for both box and mask evaluations.

τi
Box Mask

AP APr APc APf AP APr APc APf

0.0 24.42 15.43 22.63 30.38 23.67 15.33 22.62 28.51
0.1 23.89 14.06 21.88 30.46 23.21 14.27 21.92 28.57
0.2 23.92 13.82 22.08 30.41 23.34 14.63 22.14 28.50
0.3 23.70 13.27 21.86 30.34 23.02 13.32 21.95 28.49
0.4 24.06 14.83 22.01 30.39 23.38 15.15 22.07 28.45
0.5 23.69 12.31 22.09 30.46 22.99 12.61 22.06 28.60

Figure 7.14: Predicted masks on synthetic data.

3 4 5 6

Figure 7.15: Images with different image level filtering score.
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Chapter 8: LiFT: A Surprisingly Simple Lightweight Feature Transform for

Dense ViT Descriptors

DINO ViT-S/16
(224 x 224)

Parameters: 21M
FLOPs: 4.34G

KP Performance: 24.76

DINO ViT-S/16 + LiFT
(224 x 224)

Parameters: 22.2M (+5.7%)
FLOPs: 5.30G (+22.1%)

KP Performance: 28.68 (+15.8%)

DINO ViT-B/16
(224 x 224)

Parameters: 85M (+304%)
FLOPs: 17.21G (+296%)

KP Performance: 24.90 (+0.6%)

DINO ViT-S/16
(448 x 448)

Parameters: 21M (+0%)
FLOPs: 17.28 (+298%)

KP Performance: 28.60 (+15.5%)

Double Resolution Increase Backbone Size Apply LiFT (Ours)Baseline Model

DINO

28×28

DINO

14×14

Original

Image

DINO + LiFT
14×14 → 28×28

DINO + Bilinear
14×14 → 28×28

Figure 8.1: (Top) Increasing the backbone size or doubling the input resolution can boost the effectiveness
of self-supervised ViT features for dense tasks like keypoint (KP) correspondence. However, both of these
options come at a significant cost in terms of parameter count, inference cost, or both. We present LiFT,
a surprisingly simple Lightweight Feature Transform that unlocks the benefits of dense self-supervised
ViT representations for minimal extra cost. (Bottom) LiFT also has useful emergent properties, such as
yielding cleaner object boundaries in feature similarity maps.

In recent years, Vision Transformers (ViTs) [334] have emerged as preferred architectures

for many image and video recognition tasks in the Computer Vision community. They also

represent a major design shift compared with the well-explored Convolutional Neural Networks

(CNNs). ViTs typically convert images into a very coarse grid of image patches (or tokens)

before applying transformer layers. This allows ViTs to learn increasingly powerful patch-wise
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representations in successive layers [335]. The expressive power of ViTs stems from their wide

receptive field throughout all layers made possible by multi-headed self-attention operations [58].

The downside of this design is that despite being able to learn powerful representations, ViTs

often lack spatial granularity in their features due to the low resolution of the token/patch grid.

This hinders their off-the-shelf application to dense and local tasks such as object detection,

segmentation, and keypoint correspondence. Increasing the feature resolution of a ViT directly

using a larger image size or smaller patch size leads to an increased number of patches. Self-

attention, being a quadratic operation, grows in memory consumption as O(N2) where N is the

number of patches in the image. Prior works have proposed alterations to the ViT architecture to

make it better suited for dense tasks, but their methods either involve expensive carefully designed

training, task-specific loss functions or heuristics, or high inference costs [55, 336, 337].

In this work, we propose a simple Lightweight Feature Transform or LiFT to generate

dense ViT features that provide significant performance gains in downstream tasks such as detec-

tion, segmentation, keypoint correspondence, and object discovery. LiFT can unlock the benefits

of dense feature representations for a fraction of the computational cost compared with other

approaches. As illustrated in Figure 8.2, our proposed method fuses the coarse high-level infor-

mation of ViT features with convolution-based image features derived from the original image to

generate higher-density feature maps without incurring the high computational cost of extra to-

kens. We show that this approach does not require any complex training recipe and, once trained

on a general purpose dataset, generalizes well to multiple downstream tasks. Our approach can

be trained with a simple self-supervised loss and generalizes to input image resolutions not seen

during training. LiFT can be readily plugged on top of any ViT backbone to enhance its features,

and it can also be integrated into pipelines that use additional task-specific downstream modules,

232



like the Mask-RCNN head [338] used by ViTDet [339]. Additionally, we show that we can apply

LiFT in a recursive manner to increase feature resolution even further.

We demonstrate the effectiveness of LiFT quantitatively on ‘local’ tasks, which require

features computed at precise locations, as well as on ‘dense’ tasks, which require features com-

puted for the entire image. Specifically, we present results for LiFT applied to SPair-71k Key-

point Correspondence [72], COCO Detection and Segmentation [68], DAVIS Video Segmenta-

tion [71], and Unsupervised Object Discovery on Pascal VOC 2007 [100], Pascal VOC 2012 [1]

and COCO20K [94]. For all of these tasks, LiFT is able to meet or exceed the performance of

prior works for a fraction of the computational cost. As an example, in Figure 8.1 we compare

three options for boosting performance in SPair-71k Keypoint Correspondence. LiFT provides

a significant performance gain while increasing the total parameter count of the network by a

mere 5.7%. This is compared to the 304% parameter count increase incurred by the step up from

ViT-S/16 to ViT-B/16. Increasing the input resolution is a trivially easy way to boost the feature

density, and it also gives improved performance. However, it increases the total inference FLOPs

by almost 300% while LiFT only increases the cost by 22.1%, giving a far superior compute cost

vs. performance trade off.

Despite the simplicity of our LiFT approach, we show that it is not just learning a more

complex version of bilinear upsampling. Instead, we demonstrate that LiFT has several desirable

emergent properties that enhance ViT features to make them better suited for dense tasks. We

find that LiFT improves the scale invariance of ViT features, as measured using Centered Kernel

Alignment (CKA) [77, 340]. We also qualitatively show that LiFT yields better object boundary

maps when computing feature similarity maps. Overall, LiFT represents an orthogonal avenue of

improvement compared to prior dense ViT feature extraction strategies, and it can be combined
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with past methods to further advance self-supervised performance on dense prediction tasks. In

summary, our contributions are as follows:

• We propose LiFT, a Lightweight Feature Transform that boosts the performance of existing

ViT features on dense and local downstream tasks using a simple, quick training and inference

strategy.

• We show that LiFT boosts the performance of self-supervised ViT features for detection, seg-

mentation, keypoint correspondence, and object discovery tasks.

• We demonstrate the adaptability of LiFT for any ViT backbone by showing improvements with

DINO [26], MoCo [341] and Supervised ViT features. Additionally, LiFT even works on image

resolutions not used during training.

• We show that LiFT features have desirable emergent properties like improved scale invariance

and better feature alignment with object boundaries.

8.1 Related Work

8.1.1 Vision Transformers

Vision Transformers (ViTs) [334] have gained wide popularity as general-purpose models

for multiple computer vision tasks such as image classification [334, 342, 343], object detec-

tion [59, 339, 344], segmentation [345, 346], video classification [347, 348], and more. Many

of these methods adapt ViTs to different tasks by making suitable changes to the output heads

[339, 349]. There have also been multiple variants of ViT like Swin [59], MViT [350], and

PVT [351] which incorporate hierarchy and multiscale learning. Additionally, there are some
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works which try to bridge the gap between transformers and CNNs by incorporating convolutions

into ViT architectures [352, 353]. In this work, we focus on improving traditional or “Plain” ViT

backbones, as they are the most general and widely adopted form of ViT. These models learn

powerful representations, but they suffer in terms of feature resolution, an issue which we aim to

address with LiFT.

8.1.2 Supervision Strategies for ViTs

Many works have proposed self-supervised tasks to learn meaningful representations with

ViTs. These approaches do not require labels and can make use of large amounts of unlabeled

data. These self-supervised models have powerful off-the-shelf features and can act as good

pre-trained initializations for finetuning on downstream tasks. Among the most popular are ap-

proaches like Momentum Contrast methods (MoCo) [27, 33, 64] which enforce consistency

between features for different augmentations of the same image. DINO [26] also utilizes a simi-

lar self-supervised approach, but uses different crops along with other augmentations. MAE [28]

learns to predict masked-out image regions, and there are works like CLIP [62] which match text

and image embeddings to learn semantically rich features without direct label-level supervision.

Prior works [57, 335, 354] have shown that these differences in pre-training lead to significant

differences in the properties of the learned features. We show that LiFT can improve the quality

and usefulness of ViT features for a range of different pretraining methods.
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8.1.3 Feature Densification

Works like [55] and [335] show the general benefits of dense feature maps for local tasks,

and multiple works have been proposed to extract denser feature arrays from pretrained networks.

[355] proposes a GAN-based approach for CNN feature densification which requires careful

training and a mixture of adversarial and focal loss. In comparison, our LiFT approach is easy to

train through a simple self-supervised objective, and it does not require a discriminator module or

careful loss tuning. ViT-Adapter [356] applies ViTs to dense tasks through the use of finetunable

side-networks for feature pyramid extraction. Like ViT-Adapter, LiFT aims to enhance “Plain”

ViT features for dense tasks, however, the ViT-Adapter method is not task-agnostic, and it is

trained in a fully supervised way with full detection and segmentation labels for the downstream

dataset. In contrast, LiFT is a task-agnostic general enhancement for ViT features, and it is

trained with a completely self-supervised objective. LiFT is also faster and easier to train than

ViT-Adapter, as it does not require passing gradients through the ViT backbone, and it is also

∼4.8× smaller than the similar ViT-Adapter.

Other works, like [357] and [358], have applied student/teacher distillation with feature

super-resolution to improve CNN classification performance on low-resolution images. While

we also perform feature super-resolution, the aim of our work is not to distill a student network,

but rather we aim to generate densified features while completely avoiding finetuning the ViT

backbone. [55] proposes a simpler technique to increase the density of ViT features by reducing

the stride during initial image patch extraction. This does not require any training, but also

becomes computationally expensive as the number of tokens increase quadratically requiring

more GPU memory and FLOPs. Our LiFT approach can be thought of as a “shortcut” to achieve
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the benefits of denser features for a fraction of the computation cost of increased tokens.

8.1.4 Finetuning ViTs for Dense Tasks

The prior works most similar to LiFT are those that apply self-supervised finetuning to

pretrained ViTs to improve their features for dense tasks. SelfPatch [337] and Leopart [336] both

use pretrained DINO models as a starting point and improve their patch-level representations

using dense self-supervised tasks. SelfPatch learns by enforcing similarity to neighboring patch

features, and Leopart uses spatially dense clustering to enforce similarity within clusters to learn

better part representations. These approaches finetune the full backbone with specialized training

strategies and losses, which can still be expensive to train and not easily extendable to other back-

bones. In contrast, our approach does not require backbone finetuning at all, and instead trains

a lightweight post-processing module. LiFT can be easily trained on ImageNet [66] in a self-

supervised manner in very few epochs and afterwards it can generalize to multiple downstream

tasks.

8.2 Method

8.2.1 ViT Background

Consider a ViT that takes an image with dimensions H × W × 3 as input and outputs

feature descriptors at the resolution H
P
× W

P
, where P is the patch size. P is usually 8 or 16

depending on the ViT variant. We typically assume that the patch-extraction stride length, S,

is equal to P , though this can be altered, as proposed by [55]. For now we will assume that

S = P . Our goal is to transform the coarse, low-resolution features of a pretrained ViT into

237
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ViT 

Pre-trained
ViT 

Figure 8.2: Illustration of LiFT, our proposed Lightweight Feature Transform for generating dense ViT
descriptors. The frozen ViT backbone is used to extract features for both low- and high-resolution images.
The low-resolution image and its corresponding features are passed through LiFT, which generates a dense
version of the features. The LiFT Block first encodes fine-resolution image features using a small CNN. It
then combines the CNN features with the ViT features at multiple phases in an upsampling CNN, which
outputs dense features. The LiFT block is trained using a self-supervised reconstruction error with the
corresponding high-resolution features.

dense feature descriptors without having to re-train or finetune the ViT. A naı̈ve way to achieve

this transformation could be to scale up the input image to CH × CW resolution to achieve a

feature grid that is C times larger along both dimensions. This approach can result in a significant

increase in memory consumption and can be prohibitively expensive since the memory of the ViT

scales with O(H2W 2). Another option could be to upscale the features directly by a factor of C

using bilinear-interpolation. This approach computes sub-optimal pixel-level features as it simply

bilinearly redistributes the features between the centers of patches. Such an approach fails to take

advantage of the information that is readily available in the original image space. LiFT takes

advantage of this information.

8.2.2 Lightweight Feature Transform (LiFT)

Our proposed approach, LiFT, builds on the hypothesis that, even though the ViT feature

descriptors have a low spatial resolution, their high dimensionality allows them to store rich in-

formation about the image structure. This hypothesis is further supported by works on internal
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learning of images [359, 360, 361]. However, unlike internal learning, we propose to train a

general-purpose, lightweight upsampling network using only self-supervision to double the res-

olution of feature descriptors obtained from a frozen, pretrained ViT. Furthermore, we can gain

additional fine-level information directly from the original image at the same resolution used to

generate the ViT features. We fuse these two information sources to create our final LiFT module,

as illustrated in Figure 8.2.

Given ViT descriptors of size H
P
×W

P
, a single LiFT expansion block scales them to 2H

P
× 2W

P

in a single forward pass. Our LiFT block is built following a U-Net-style structure [235] with

skip connections, where semantically rich but coarse ViT features are combined with shallow but

dense image features derived from a second input with the original image. The image input is

processed through a series of convolution blocks and the resulting features are concatenated to

the ViT features. Then, a single transpose convolution block is applied to generate the upscaled

semantically rich features. Thanks to its fully convolutional nature, the LiFT block can be applied

to any image size. One can even apply a LiFT block multiple times to further upscale the features,

as shown in Section 8.5.4.

8.2.3 Training Objective

Given an image x ∈ RH×W×3 and a pretrained, frozen ViT model F of stride P , we extract

its features from the last layer such that F(x) ∈ RH
P
×W

P
×D, where D is the feature dimension.

The LiFT block Θ upscales the features from resolution H
P
× W

P
to 2H

P
× 2W

P
. For training, we
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propose the following multi-scale reconstruction objective:

LRecon = d
(
F(x),Θ(F(x1/2),x1/2

)
+ d

(
F(x1/2),Θ(F(x1/4),x1/4

)
(8.1)

Where x1/2 and x1/4 are the images resized to 1/2 and 1/4 of the original image resolutions, and

d is a distance function. For d we select the cosine distance metric, as it inherently normalizes the

output and empirically achieves better performance. When processing x1/2 and x1/4, we follow

the method of [26] to handle positional embeddings for images of different sizes. We optimize

the parameters of the LiFT module Θ to minimize Equation 8.1.

8.2.4 Training Details

Training LiFT is fast and efficient, as it is lightweight and does not require propagating

gradients through the ViT backbone. The LiFT module, Θ, is a small network with 1.1M train-

able parameters. We train LiFT for 5 epochs on the ImageNet dataset on a single GPU. We use a

learning rate of 0.001 with a batch size of 256 for stride 16 training. We use DINO [26] ViT-S/16

as our base ViT, and we apply color jitter as the only augmentation. In total, training takes only

∼8 hours on one RTX A6000 GPU. Once our LiFT module is trained, it is a general purpose

feature enhancement module that can be directly applied to a range of downstream tasks without

need for any further finetuning of LiFT or the frozen ViT backbone. We demonstrate the flexibil-

ity of LiFT by applying features from the same DINO+LiFT model to several tasks in Sections

8.3.1, 8.3.2, and 8.3.3.
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8.2.5 Using LiFT with Downstream Modules

Our LiFT module can be easily applied to downstream tasks that directly operate on the

output image features. However, LiFT can also be applied in circumstances where additional

downstream modules follow the feature extracting backbone. To demonstrate this, we show how

to apply LiFT to the ViTDet architecture [339], which combines a ViT backbone with a Mask-

RCNN-style head [338], to perform COCO Object Detection and Segmentation. To achieve this,

we inject the LiFT module after the backbone and before the Mask-RCNN head in a pretrained

ViTDet model. We train this LiFT module on COCO training data using the same self-supervised

objective described in Section 8.2.3. One can then optionally finetune the downstream head on

the LiFT-generated features. We show that finetuning the head is preferable, but even without

finetuning, adding LiFT is beneficial. We present these results in Section 8.3.4.

8.2.6 Baseline Methods

We propose LiFT as a self-supervised, task-agnostic, general enhancement for ViT features.

For baselines, we compare with the most similar prior works, SelfPatch [336] and Leopart [337],

both of which finetune the entire DINO model on custom self-supervised losses to improve the

quality of the spatial features for dense tasks. We demonstrate the effectiveness of LiFT compared

with these methods for a range of dense and local tasks in Section 8.3. In addition, we compare

with the reduced token stride strategy of [55] and show the improved computational efficiency of

LiFT in Section 8.4. Note that LiFT represents an orthogonal direction of ViT improvement that

can be used in combination with methods like [55] and [337], which we show in the following

sections.
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Table 8.1: Comparison between LiFT and other baselines on the keypoint correspondence task on SPair-
71k. We report PCK@0.1 and 0.05 at multiple input resolutions.

PCK@0.1 PCK@0.05

Method/Resolution 56 112 224 448 56 112 224 448

DINO 2.04 12.67 24.76 28.6 0.51 3.61 9.54 15.33
Leopart 2.35 11.2 23.33 26.54 0.6 3.22 8.9 12.26
SelfPatch 2.13 12.18 23.03 27.34 0.44 3.61 9.32 14.44
DINO+LiFT 5.05 17.72 28.68 31.38 1.19 6.29 14.72 18.90

8.3 Performance Benefits of LiFT

8.3.1 SPair Keypoint Correspondence

This task involves matching keypoints between pairs of images in the SPair-71k dataset.

We follow the evaluation protocol of Amir et al. [55] and report Percentage of Correct Keypoints

(PCK) as the metric. We extract dense features using the frozen DINO+LiFT combination trained

in Section 8.2.4. For brevity, we report results at PCK thresholds of 0.1 and 0.05 in the main pa-

per but we also see consistent improvements at the 0.01 threshold For this task, the features

of all methods are bilinearly interpolated to match the original image resolution before feature

matching begins. Table 8.1 presents the results. Compared to both the base DINO model and

finetuned approaches, LiFT performs the best across all resolutions for both PCK@0.1 (left) and

PCK@0.05 (right). For lower resolutions like 56× 56, LiFT more than doubles the performance

on both metrics. Also note that under the PCK@0.1 metric, DINO+LiFT at 224 × 224 resolu-

tion beats all non-LiFT approaches run at the higher resolution of 448 × 448, even though both

configurations produce final features of the same density.
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Table 8.2: Comparison on the DAVIS
video object segmentation task. We re-
port results for the J and F mean.

Method/Resolution 56 112 224 448

DINO 7.4 17.5 33.0 50.9
Leopart 6.9 16.1 30.3 45.1
SelfPatch 7.4 17.2 33.0 51.4
DINO+Bilinear 10.8 23.7 37.0 53.0
DINO+LiFT 13.0 28.0 44.3 61.1

Table 8.3: When added to ViTDet, LiFT boosts detection and
segmentation performance on COCO. ViTDet+LiFT⋆ shows
results without fine-tuning the Mask-RCNN head.

Detection Segmentation

Method AP AP50 AP75 AP AP50 AP75

ViTDet 39.50 61.56 42.23 37.81 60.47 39.97
ViTDet+LiFT⋆ 42.77 61.05 46.60 38.18 58.28 40.96
ViTDet+LiFT 45.98 66.41 49.87 40.78 63.34 43.57

8.3.2 DAVIS Video Object Segmentation

This task involves propagating a video object segmentation across multiple frames where

the first frame ground truth segmentation mask is provided. This is achieved through dense

feature matching between frames. Again, we extract dense features with the same pre-trained

DINO+LiFT. We follow the evaluation protocol of [79] and, for brevity, we report results for the

J&F mean metric in the main paper, but we see consistent improvements across the J mean and F

mean individually. In Table 8.2, it can be seen that across resolutions and comparison methods,

LiFT outperforms all other approaches. At the lowest resolution of 56×56, the performance gain

over the base DINO is ∼2×. On average, we improve by 9.4 points over base DINO.

8.3.3 Unsupervised Object Discovery

We test the benefits of LiFT for Unsupervised Single Object Discovery on PASCAL VOC

2007 [100], PASCAL VOC 2012 [1], and COCO20K [94]. We apply TokenCut [362], which

performs Graph Cut on features, to LiFT and the other baseline methods. Similar to prior

works [362, 363, 364, 365, 366, 367] we report the Correct Localization (CorLoc) metric, which

is computed as the fraction of the images in which at least one object box prediction has an IoU
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Table 8.4: Unsupervised Object Discovery comparison on PASCAL VOC 2007, PASCAL VOC 2012, and
COCO20K. We report results for the CorLoc metric.

Dataset Method
Resolution

56 112 224 448

VOC07

DINO 20.74 50.07 65.60 68.27
Leopart 18.92 32.59 51.59 48.79
SelfPatch 18.04 41.99 62.40 63.62
DINO+LiFT 36.54 62.02 68.79 69.65

VOC12

DINO 23.27 55.33 69.01 71.64
Leopart 22.44 37.41 55.74 54.40
SelfPatch 20.19 47.32 68.02 66.48
DINO+LiFT 40.56 66.21 70.91 71.71

COCO20K

DINO 16.28 40.08 53.98 57.99
Leopart 16.14 26.78 43.89 44.08
SelfPatch 14.15 35.76 52.18 55.47
DINO+LiFT 27.72 50.20 58.03 60.50

greater than a threshold (0.5) with a ground truth box. As shown in Table 8.4, LiFT gives a

good boost in CorLoc, with gains across all resolutions and with LiFT outperforming the other

approaches. It should be noted that the performance gains at lower resolutions are especially

large. For example, at the 56 × 56 resolution, we see an improvement of 15.8, 17.29, and 11.44

on CorLoc for VOC07, VOC12, and COCO20K respectively.

8.3.4 COCO Detection and Segmentation

To further demonstrate the versatility of LiFT, we show how it can be applied to COCO

Detection and Segmentation using a ViTDet+LiFT model as described in Section 8.2.5. As LiFT

is trained to emulate the same feature distribution generated for higher resolution inputs, the

LiFT-generated features can be directly input into the downstream Mask-RCNN head without

any additional training. However, we find that performing limited fine-tuning of the head can be
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beneficial. In Table 8.3, the combination of ViTDet+LiFT gives a ∼6.5% boost for Detection AP

and a ∼3% boost for Segmentation AP when the downstream head is finetuned. Even without

head finetuning, denoted as ViTDet+LiFT*, we see a small performance gain for AP and AP75 in

both Detection and Segmentation.

8.4 Computational Efficiency of LiFT

We have shown that feature densification with LiFT provides significant performance ben-

efits in several tasks. We now show why LiFT is a Lightweight transform, as it is vastly more

computationally efficient than other alternatives for feature densification. A trivially easy way to

boost the density of ViT features is to increase the resolution of the input image, which increases

token density but also computational cost. Another option is the dense feature extraction strategy

of [55] which increases the number of tokens in the network by reducing the stride during patch

extraction. We present a comprehensive compute cost vs. performance benefit analysis for LiFT

and alternative methods, and we show that LiFT acts as a “shortcut” to achieve higher resolution

features for minimal extra compute cost. We also show that LiFT can be combined with these

methods for further improved performance in exchange for higher compute.

8.4.1 LiFT, Resolution, and Stride

For this analysis, we take SPair Keypoint Correspondence and DAVIS Video Segmenta-

tion as the tasks, and we measure compute cost in FLOPs (G) against performance both with and

without LiFT over a range of input resolutions and strides. As shown in rows 1 and 2 of Table 8.5,

LiFT introduces a small increase in FLOPs from 4.34G to 5.30G (+22%) but also brings a sig-
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Table 8.5: FLOPs comparison for a single forward
pass across resolutions and strides for base DINO and
LiFT. Along with FLOPS, we report the performance
on both SPair-71k and DAVIS.

Method Res. Stride FLOPs (G) PCK@0.1 J&F mean

DINO

224

16
4.34 24.76 33.0

DINO+LiFT 5.30 28.68 44.3

DINO
8

16.07 29.92 43.9

DINO+LiFT 19.65 31.91 52.6

DINO

448

16
17.28 28.60 50.9

DINO+LiFT 21.12 31.38 61.1

DINO
8

66.60 31.92 61.9

DINO+LiFT 81.18 32.20 69.7

Figure 8.3: Performance vs. Compute Cost
trade-off curve for SPair-71k keypoint cor-
respondence. For any given FLOP-budget,
DINO+LiFT achieves far superior performance.

2.4 x speedup
+20%

~

nificant performance improvement of 3.92, 5.18, and 11.3 points on the PCK@0.1, PCK@0.05,

and J and F Mean metrics respectively. For comparison, reducing the stride from 16 to 8 (row 1

vs. row 3) gives a similar level of improvement, but nearly quadruples the FLOPs from 4.34G

to 16.07G (+270%). A similar trend of large improvements can be seen when comparing pairs

of rows (3 vs. 4, 5 vs. 6) with DINO vs. DINO+LiFT. The best overall results are achieved

by combining LiFT with increased resolution and reduced stride, but this also comes with the

highest computation cost. It should also be noted that DINO+LiFT at 224 × 224 resolution and

stride 8 (row 4) uses 3× less FLOPs than DINO at 448× 448 resolution at stride 8 (row 7) while

having similar performance on the PCK metrics.

8.4.2 Cost vs. Performance Trade-off Curve

Next, we present a comprehensive Compute Cost vs. Performance trade-off analysis on

SPair Keypoint Correspondence. By incrementally increasing the input resolution, we can grad-

ually increase both the performance and inference cost for DINO+LiFT and the baseline methods

246



Table 8.6: Comparison of parameters & FLOPs vs. perfor-
mance at 224 × 224 resolution for Keypoint Correspondence.
We report PCK@0.1 and PCK@0.05 on SPair-71k.

Method Parameters FLOPs (G) PCK@0.1 PCK@0.05

DINO S/16 21M 4.34 24.76 9.54

DINO S/16+LiFT 22.2M 5.30 28.68 14.72

DINO B/16 85M 17.21 24.90 9.64

Table 8.7: LiFT when using different
backbones for training, inference, or
both. We report PCK@0.1 on SPair-
71k.

Training Model

Inference
Model No LiFT DINO MoCo ViT

DINO 28.6 31.38 16.02 20.71
MoCo 12.31 9.86 16.34 11.31
ViT 16.9 12.55 8.91 18.69

DINO, Leopart, and Selfpatch. As shown in Figure 8.3, we find that LiFT significantly outper-

forms all other methods at any given FLOP allowance, in most cases seeing a ∼20% performance

gain. Alternatively, LiFT can be run at a lower input resolution to achieve equivalent perfor-

mance at a fraction of the compute cost. For example, to achieve a score of 15.0 in PCK@0.05,

DINO+LiFT only requires ∼6.25 Giga-FLOPs of compute power, while the other baselines re-

quire at least 15 Giga-FLOPs. At any point on the trade-off curve, DINO+LiFT far surpasses the

alternatives.

8.4.3 Parameter Count

We acknowlege that the addition of the LiFT module slightly increases the overall model

size and parameter count as shown in Table 8.6. However, this addition is quite small and only

represents a +5.7% change in total parameters. For comparison, the jump from ViT-S to ViT-B

results in a +304% increase in parameters. Furthermore, for dense tasks like SPair Keypoint

Correspondence, we find that the performance benefits provided by LiFT far exceed the benefits

of a larger backbone. Note that the methods Leopart and SelfPatch do not increase the parameter

count of the ViT, as they finetune the DINO backbone instead of introducing new modules. How-

ever, we believe the major performance benefits of LiFT strongly justify the small extra costs
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Figure 8.4: CKA Similarity of ViT features extracted from SPair-71k images at different input image sizes,
denoted by Source Scale and Destination Scale. LiFT produces features that are more scale-invariant,
especially for smaller scale inputs and objects.

in Parameter Count and Inference FLOPs for a given resolution. And as shown in the previous

section, for any fixed FLOP-budget, DINO+LiFT achieves far superior performance.

8.5 Properties of LiFT

8.5.1 LiFT and Scale Invariance of Features

In this experiment, we demonstrate that LiFT intrinsically learns to generate features that

are more scale-invariant. We use the Centered Kernel Alignment (CKA) metric [76, 77, 87],

which can measure the similarity of a pair of feature maps even when they are different sizes.

Using images in the SPair-71k training set, we re-scale each image to a range of different sizes

and then extract features with DINO or DINO+LiFT and measure the CKA similarity between

all input size pairings. As a baseline, we also compare with bilinearly upsampled DINO features.

In Figure 8.4, we take four source scales and plot the CKA similarity with the features at all other

scales. We see that LiFT greatly improves the inter-scale feature similarity for small input scales,

and moderately improves the similarity for medium and larger scales. This shows that LiFT

produces representations that are more scale-invariant than the base DINO features. Bilinear
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Figure 8.5: Visualization of the self-similarity of features for DINO, DINO + Bilinear interpolation, DINO
with higher resolution image, and DINO + LiFT. To generate this visualization, the self-similarity is com-
puted using the feature corresponding to the center of the grid (marked in red) and all other features from
each spatial location. Brighter map shows a higher similarity. Best viewed digitally in color.

upsampling does provide a small improvement in CKA similarity across scales, though the benefit

is far smaller than that of LiFT. This scale invariance property of LiFT is learned automatically,

and likely comes from its multi-scale reconstruction objective. LiFT must learn to counteract the

effect of input scale in order to map features from low resolution inputs to those of high resolution

inputs. This property is desirable for dense tasks where objects appear at different scales.

8.5.2 Enhanced Self-Similarity Maps with LiFT

To further improve our understanding of the dense features generated by LiFT, we visualize

the self-similarity of the features in Figure 8.5. Base DINO S/16 yields 14 × 14 features for

a 224 × 224 image. In our comparisons, we visualize these features alongside: a bilinearly

interpolated upsampling of these same features to 28×28 (DINO+Bilinear), DINO features for a

448× 448 input image, and finally DINO+LiFT features generated for a 224× 224 input image.

The last three configurations all yield 28 × 28 feature grids. To visualize these features, we

select the center-most token feature for each of the maps and compute its similarity with all other
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features and visualize the similarity scores.

We show six feature similarity maps in Figure 8.5. We find that, qualitatively, the LiFT

output gives a cleaner boundary and better highlights the content corresponding to the central

patch. Having a high similarity to relevant regions and a clear boundary is beneficial for multiple

localized downstream tasks. It also indicates that the DINO+LiFT features have better spatial

awareness of object boundaries. Note that for row 2, where the central pixel corresponds to the

background region, the similarity map highlights the background in the image, though it still

appears that DINO+LiFT produces better similarity maps with sharper edges. In row 3, when

there are multiple objects of the same type, DINO+LiFT better highlights the separate object

instances. These results are qualitative, but they suggest that the LiFT-enhanced features have

better content and boundary information than the base DINO features, which likely contributes

to their improved performance in correspondence and segmentation tasks.

8.5.3 Variations in Backbone

One of the requirements of a feature densifying approach is that it should be easy to train on

any backbone. To this end, we show that our approach consistently gives a performance gain with

multiple different backbones: DINO (Table 8.8 row 1 vs. row 2), MoCo (Table 8.8 row 4 vs. row

5) and a fully-supervised ViT (Table 8.8 row 7 vs. row 8). This consistent improvement shows

that LiFT can be trained in the exact same manner on differently trained ViTs without need for

careful hyperparameter tuning. To verify that LiFT does not simply learn a bilinear interpolation,

we apply LiFT modules trained on one backbone to the output of a different backbone. We show

these results in Table 8.7 using the PCK@0.1 metric and 448 × 448 images. It can be seen
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Table 8.8: Performance for LiFT with different backbones and for repeated application of LiFT. We report
PCK@0.1 on SPair-71k.

Row Backbone Method
Resolution

56 112 224 448

1
DINO

- 2.04 12.67 24.76 28.6
2 LiFT 5.05 17.72 28.68 31.38
3 2×LiFT 7.42 20.12 29.45 31.35
4

MOCO
- 1.27 3.43 7.37 12.31

5 LiFT 6.48 10.51 14.13 16.34
6 2×LiFT 8.72 13.21 16.12 17.08
7

ViT
- 1.26 5.72 13.23 16.9

8 LiFT 3.76 9.21 16.58 18.69
9 2×LiFT 5.17 9.89 16.49 18.18

that when LiFT is applied to a different model than what was used to train it, the performance

drops and is lower than not applying LiFT. This shows that LiFT learns a model-specific feature-

densifying transform and not a simple interpolation.

8.5.4 Repeated Application of the LiFT Module

In our base approach, the LiFT module is applied once to the ViT features to double their

resolution. In this section, we also test the potential benefits of applying the LiFT block multiple

times. To check this, we take the LiFT module and super-resolute the features twice by passing

the output of first super-resolution again through the same LiFT network. We denote this ap-

proach as ‘2×LiFT’ in Table 8.8. We can see that in most cases the performance increases after

recursively applying LiFT. This is especially true for the 56 × 56, 112 × 112, and 224 × 224

resolutions. For 448 × 448, there are a few places where it negligibly drops performance, but it

still shows improvement for most cases.
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8.6 Discussion

We have presented LiFT, a simple yet effective self-supervised Lightweight Feature Transform

to boost the density of features of pretrained ViT backbones. This approach allows us to ex-

tract higher resolution spatial features from ViTs which can then be used for multiple dense

downstream tasks. LiFT is task-agnostic and gives significant boosts in SPair Keypoint Cor-

respondence, DAVIS Video Object Segmentation, Unsupervised Object Discovery, and COCO

Detection and Segmentation. This benefit comes for a fraction of the computational cost com-

pared with other densification methods. LiFT is a lightweight module that is easily trained with a

self-supervised objective, and it is far cheaper than full backbone fine-tuning, as is done by other

prior works. Through extensive experiments, we have shown that LiFT can be trained easily

on any backbone and consistently leads to improved performance by generating better quality,

higher-density features. We also show that LiFT can be applied to its own output in a recursive

manner enabling good performance with even lower image resolutions. Finally, we show that our

surprisingly simple method has several desirable emergent properties including scale-invariant

features, and better object boundary maps. This makes LiFT a useful multipurpose tool for many

potential downstream applications.

8.7 Appendix

8.7.1 Ablation Study of LiFT Design Choices

We present a careful analysis of LiFT design configurations by varying different factors in

both training and inference. To show the general applicability and benefits of LiFT, we include
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Table 8.9: Ablation of different design decisions for LiFT training for three different ViT backbones. We
report PCK@0.1 and PCK@0.05 on SPair-71k. For each backbone, we mark the best score for each metric
and input resolution in bold.

PCK@0.1 PCK@0.05

Row Method/Resolution 56 112 224 448 56 112 224 448

1 DINO 2.04 12.67 24.76 28.6 0.51 3.61 9.54 15.33
2 DINO + Random LiFT 1.45 2.37 4.21 6.16 0.35 0.7 1.41 2.35
3 DINO + LiFT No Img. 4.38 15.74 28.49 31.42 1.14 5.03 13.28 18.33
4 DINO + LiFT L1 4.48 16.64 27.77 31.03 1.01 5.93 13.88 18.09
5 DINO + LiFT L2 4.82 17.72 28.17 31.13 1.29 6.18 14.12 18.37
6 DINO + LiFT 5.05 17.72 28.68 31.38 1.19 6.29 14.72 18.90
7 MOCO 1.27 3.43 7.37 12.31 0.21 0.84 2.35 5.49
8 MOCO + Random LiFT 2.59 3.08 4.05 5.79 0.67 0.77 1.31 2.1
9 MOCO + LiFT No Img. 4.58 8.78 13.01 15.48 1.18 2.69 4.95 7.27
10 MOCO + LiFT L1 6.12 9.80 13.73 14.98 1.59 3.22 5.86 7.53
11 MOCO + LiFT L2 6.37 10.08 13.91 16.41 1.53 3.12 5.99 8.34
12 MOCO + LiFT 6.48 10.51 14.13 16.34 1.74 3.36 6.42 8.05
13 ViT 1.26 5.72 13.23 16.9 0.27 1.62 4.89 7.34
14 ViT + Random LiFT 2.36 3.29 7.15 8.21 0.58 1.09 2.33 3.13
15 ViT + LiFT No Img. 2.94 7.76 15.69 18.74 0.79 2.22 5.68 8.23
16 ViT + LiFT L1 3.27 8.32 16.04 18.29 0.79 2.74 6.77 8.45
17 ViT + LiFT L2 3.57 8.78 16.29 18.80 0.97 2.64 6.82 8.87
18 ViT + LiFT 3.76 9.21 16.58 18.69 1.02 2.71 6.63 8.81

three different backbones in this study: DINO [26], MoCo v3 (MoCo for short) [27], and a Fully

Supervised ViT (ViT for short). We standardize the architecture to a ViT S/16 backbone for

this analysis. We use the SPair-71k dataset and the keypoint correspondence task as the main

representative metric for this analysis. The results are summarized in Table 8.9.

8.7.1.1 Random LiFT

One might question if LiFT actually benefits from training, or if the simple act of increasing

the feature resolution with any arbitrary function is sufficient to improve performance. To test

this question, we take a random initialization of the LiFT model and measure its performance.

We denote this model as ‘Random LiFT’ in Table 8.9. It can clearly be seen in Table 8.9 rows 2,

8, and 14 that a randomly initialized LiFT model does not do anything meaningful as it performs

poorly on all metrics. These results validate the importance of LiFT’s self-supervised training
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Table 8.10: Ablation of LiFT training epochs on ImageNet, including longer training. Results are shown
for DINO+LiFT on Keypoint Correspondence using PCK@0.1.

Res/Epochs 5 10 30 50 100

112× 112 17.47 17.53 17.75 17.97 18.14
224× 224 28.45 28.50 28.65 29.00 29.11

method.

8.7.1.2 Ablation of Image Input to LiFT

In our approach, we increase the feature resolution through LiFT by also using the image

as a source of finer spatial information. It should be noted that we use the image at the same

resolution as was used to generate the initial features, which means LiFT does not have or require

any additional information beyond the original ViT’s input. To show the importance of this image

information, we present a version of LiFT with the image input ablated, denoted as ‘LiFT No

Img.’ in Table 8.9. We can see from rows 3 vs. 6, 9 vs. 12, and 15 vs. 18, that providing the

image input helps LiFT produce better quality features which give improved performance on the

keypoint correspondence task. It appears that ablating the image input is less harmful for higher-

resolution inputs like 448, which makes intuitive sense as the feature map resolution is higher and

thus more detail about the object boundaries can be represented. For DINO and the supervised

ViT (rows 3 and 15), the no-image LiFT actually does very slightly better at 448 input resolution

for PCK@0.1, but for all other cases normal LiFT is better. For PCK@0.05, the standard LiFT

with image input is consistently much better. We believe this happens because LiFT can take

direct cues regarding scene and object boundaries from the image input and generate higher

resolution features which better respect these contours.
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8.7.1.3 Effect of Distance Function

In our final approach, we use cosine distance to compute the loss between the ViT-generated

higher resolution features and the upscaled features from LiFT. In Table 8.9, we compare with

two alternative options for this distance function, specifically the L1 and L2 distance metrics. We

denote these as ‘LiFT L1’ and ‘LiFT L2’ respectively. Cosine distance gives the best performance

in most cases, such as in rows 4 & 5 vs. row 6, rows 10 & 11 vs. row 12, and rows 16 & 17

vs. row 18. For higher-resolution inputs, L2 distance is sometimes slightly better than cosine

distance, but in most cases cosine is preferable. We believe this occurs because of the inherent

normalization that cosine distance provides before computing the final loss.

8.7.1.4 Ablation of Training Epochs

As an additional experiment, we train the LiFT module on ImageNet for an extended period

up to 100 epochs on 4 GPUs in Table 8.10. We find that there are small performance gains from

training to very long epochs, however performance mostly saturates by epoch 5. At resolution

224, DINO+LiFT at 5 epochs gives a ∼3.7 point gain over the base DINO model, while training

95 epochs further only gives an additional 0.66 point gain. We believe this early saturation is

thanks to the LiFT network’s small size.

8.7.2 Additional Details for ViTDet+LiFT

For our experiments combining LiFT with ViTDet [339], we increase the size of our LiFT

module to address the additional complexity of the task and backbone. To be consistent with

ViTDet, we use an MAE-trained ViT-Base backbone instead of the ViT-Small used in our other
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Table 8.11: Application of LiFT to various backbones for the Keypoint Correspondence task on SPair-71k
for all metrics. LiFT gives consistent performance improvements.

PCK@0.1 PCK@0.05 PCK@0.01

Method/Resolution 56 112 224 448 56 112 224 448 56 112 224 448

DINO S/16 2.04 12.67 24.76 28.60 0.51 3.61 9.54 15.33 0.01 0.20 0.54 1.40
DINO S/16 + LiFT 5.05 17.72 28.68 31.38 1.19 6.29 14.72 18.90 0.06 0.29 0.91 2.52
DINO B/16 1.98 12.20 24.90 28.22 0.46 3.61 9.64 15.04 0.01 0.17 0.52 1.15
DINO B/16 + LiFT 5.43 17.74 29.35 31.27 1.29 6.56 14.80 18.10 0.04 0.37 0.92 2.43
DINO S/8 9.39 21.30 31.05 32.15 2.35 8.44 16.74 18.96 0.15 0.39 1.19 2.32
DINO S/8 + LiFT 12.90 26.73 34.54 34.58 4.35 11.99 20.61 21.01 0.18 0.75 2.21 3.77
DINO B/8 8.88 20.40 30.08 30.89 2.83 7.70 15.81 17.84 0.12 0.39 1.09 1.95
DINO B/8 + LiFT 12.21 25.17 33.23 33.17 4.22 11.73 19.39 20.18 0.13 0.69 2.27 3.32
MOCO S/16 1.27 3.43 7.37 12.31 0.21 0.84 2.35 5.49 0.00 0.03 0.10 0.31
MOCO S/16 + LiFT 6.48 10.51 14.13 16.34 1.74 3.36 6.42 8.05 0.04 0.16 0.42 0.73
ViT S/16 1.26 5.72 13.23 16.90 0.27 1.62 4.89 7.34 0.02 0.06 0.30 0.50
ViT S/16 + LiFT 3.76 9.21 16.58 18.69 1.02 2.71 6.63 8.81 0.02 0.13 0.45 0.72
Leopart S/16 2.35 11.20 23.33 26.54 0.60 3.22 8.90 12.26 0.05 0.10 0.47 0.79
Leopart S/16 + LiFT 4.24 15.61 27.77 30.06 1.22 5.16 12.81 15.66 0.02 0.25 0.74 1.39

primary experiments. Note that a standard ViT-Small model outputs feature maps with 384 chan-

nels, while ViT-Base outputs 768 channels. To handle the increased number of channels, we

commensurately increase the number of channels in the layers of our LiFT module. We also add

an additional convolutional block to the encoder segment. This larger LiFT module has a total

of 7M parameters, as compared with the 1.2M parameter version used for smaller architectures.

The ViTDet model used has 111M parameters, so our combined ViTDet+LiFT architecture has

118M parameters total. This is a 6.3% increase in total parameters, which is similar to the rela-

tive percentage increase of the smaller LiFT version used with DINO S/16. Also, here we train

LiFT on the COCO dataset in place of ImageNet. Because the COCO dataset is much smaller

than ImageNet, we train on it for 100 epochs.
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8.7.3 Additional Backbones with LiFT

8.7.3.1 Performance Improvements with LiFT for Other Backbones

We further demonstrate the general utility of LiFT by applying it to several additional back-

bones, including Leopart [337] and several other DINO [26] ViTs, namely ViT-S/8, ViT-B/16,

and ViT-B/8. The results are summarized in Table 8.11. LiFT shows consistent improvement for

the various architectures and models across patch sizes (8 and 16), trainings (Leopart and DINO)

and backbone sizes (Base and Small).

8.7.3.2 Cost vs. Performance Trade-off for Other Backbones

We extend the Performance vs. Compute Cost analysis from Section 8.4.2 to include both

the MOCO and fully-supervised ViT backbones, as shown in Figure 8.6. We find that LiFT

consistently boosts the performance of all three backbones at all FLOP allowances.

8.7.4 Additional Metrics

We present results for additional metrics on the SPair-71k [72] and DAVIS [71] datasets.

For SPair-71k, we additionally report the values for PCK@0.01 in Table 8.12. For DAVIS, we

also report the J Mean and F Mean in Table 8.13. We present these results alongside the pre-

viously reported metrics for completeness. For SPair-71k, the PCK@0.01 metric demands the

most precision, and the additional feature resolution provided by LiFT provides consistent im-

provements. For DAVIS, both the J Mean and F Mean are also consistently improved by adding

LiFT.
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Figure 8.6: Performance vs. Compute Cost trade-off curve for LiFT when combined with different ViT
backbones. Results are presented for SPair-71k Keypoint Correspondence. LiFT provides a performance
boost for all three backbones at any FLOP budget.

8.7.5 Additional Similarity Map Samples

In Section 8.5.2, we found that the feature self-similarity maps for DINO+LiFT more

clearly and sharply outline the central object in an image. To further highlight this, we pro-

vide additional samples further showing the benefits of LiFT for self-similarity maps, as shown

in Figure 8.7. In rows 1 to 8 (left), we show samples with single central objects of differing

shapes and sizes. We see that the feature self-similarity maps for DINO+LiFT more uniformly

fill the foreground object region, and have less noisy correlations with background regions. In

rows 1 to 3 (right), we show samples where the central feature vector, shown by the red marker,

lies on a background region. In these cases, we still see sharp contours around the foreground

objects, or around the body of water in row 1 (right). In cases like rows 4 to 8 (right), when

there are multiple overlapping instances of the same object class, we see a uniform highlighting
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Table 8.12: Comparison between LiFT and other baselines on the Keypoint Correspondence task on SPair-
71k for all metrics.

PCK@0.1 PCK@0.05 PCK@0.01

Method/Resolution 56 112 224 448 56 112 224 448 56 112 224 448

DINO 2.04 12.67 24.76 28.6 0.51 3.61 9.54 15.33 0.01 0.2 0.54 1.4
Leopart 2.35 11.2 23.33 26.54 0.6 3.22 8.9 12.26 0.05 0.1 0.47 0.79
SelfPatch 2.13 12.18 23.03 27.34 0.44 3.61 9.32 14.44 0.02 0.17 0.42 1.12
DINO+LiFT 5.05 17.72 28.68 31.38 1.19 6.29 14.72 18.90 0.06 0.29 0.91 2.52

Table 8.13: Comparison between LiFT and other baselines on the DAVIS Video Object Segmentation task
with additional metrics J Mean and F Mean.

J Mean F Mean J & F Mean

Method/Resolution 56 112 224 448 56 112 224 448 56 112 224 448

DINO 0.10 0.22 0.38 0.52 0.05 0.13 0.28 0.50 0.07 0.18 0.33 0.51
DINO+Bilinear 0.14 0.29 0.43 0.54 0.08 0.18 0.31 0.52 0.11 0.24 0.37 0.53
Leopart 0.09 0.20 0.35 0.47 0.05 0.12 0.26 0.43 0.07 0.16 0.30 0.45
SelfPatch 0.10 0.22 0.38 0.53 0.05 0.13 0.28 0.50 0.07 0.17 0.33 0.51
DINO+LiFT 0.16 0.33 0.48 0.59 0.10 0.23 0.41 0.63 0.13 0.28 0.44 0.61

of the multiple object instances. We also see that DINO+LiFT better highlights thin structures

in objects, like the teapot handle and tripod legs in rows 7 and 8 (left). For comparison, when

DINO (without LiFT) is given a doubled input size, these details are sometimes lost to noisy

background regions.
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Figure 8.7: Additional visualizations of the self-similarity of features extracted from DINO,
DINO+Bilinear interpolation, DINO with higher resolution image, and DINO+LiFT. The input image
is shown for comparison. The self-similarity is computed using the feature corresponding to the center of
the grid (marked in red) and all other features from each spatial location. Brighter pixels show a higher
similarity.
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Chapter 9: Future Work and Conclusion

9.1 Future Work

There are a few possible research directions which build up on the work I have done which

I am excited about. For future work, we plan to continue research and exploration along the

following directions and discuss them in more detail in the next sections.

9.1.1 Feedback Guided Synthetic Data Generation

In Gen2Det [368] we started by generating a large number of synthetic images without

worrying about sample complexity or its actual usefulness to training. As shown in Figure 9.1,

the next step in such an approach to better use synthetic data is to generate few but high impact

samples which help the model learn better. This will not only reduce the training time, as instead

of training on thousands of generated images we would generate a fewer useful images, it would

also make the generation faster as a whole due to the sheer reduction in number of generated

instances.

To perform this feedback guided sampling which follows the essence of hard sample min-

ing, we propose two techniques. The first is a simpler offline technique, where a pretrained

detector which has been trained only on the real data provides direct signal whether a sample is
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Figure 9.1: Utilizing feedback while generating images to generate useful images for downstream training.

easy or hard based on the prediction logits. Using this detector which is frozen we can guide the

diffusion model to generate samples which incur a higher loss. In doing so we would still need

to ensure that the sample quality and correctness is maintained using auxialiary losses. Another

way to go about this is using the detector being trained as a feedback mechanism. This approach

is more adaptive as it takes into account the sample hardness with respect to the current state of

the detector model being trained. While this seems more suitable, this is an online approach and

hence would incur generation cost during training making the training slower. We are confident

as the diffusion sampling becomes more efficient, even this approach would become more viable.

9.1.2 Memory Augmented Multimodal Learning

After exploring different supervision strategies and data settings, it is clear than training a

model which continuously improve and adapt to the ever changing world is a hard task. While

training with large amounts of data and trying to learn all possible concepts and their compo-

sitions is an important research direction, another way to train models which is effective is to
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Figure 9.2: Utilizing memory for multimodal learning in this case for memory augmented panoptic seg-
mentation (MAPS).

utilize memory. Similar to humans effectively utilizing their memory to understand and perform

tasks, models having such capabilities are also getting popular [369, 370, 371, 372, 373].

We propose a general purpose model which utilizes memory in a scalable and modular

way. We propose to start with the task of panoptic segmentation which is an important vision

tasks that requires good understanding of pixel level content. Our memory augmented panoptic

segmentation (MAPS) would be easy to integrate into any transformer based architecture with

minor changes. Additionally, having such a memory enables the model to stay updated without

changing the weights. Rather one could grow and change the memory once the model is trained

to introduce new concepts. Finally, such an approach makes the models multimodal as we can

use multimodal models to encode the data and generate the memory making these models more

general and able to take advantage of data from multiple modalities.
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9.1.3 Unified Techniques for Data Processing

Current techniques in computer vision are very data and modality specific. While this

leads to good models for the specific domain/modality as input/output, it does not have the flexi-

bility to generalize across modalities. Vision Language Models (VLMs) like CLIP [62, 374, 375]

have bridged the gap when it comes to designing more general models for image and text by

providing a good representation space where semantics are aligned well between the two modal-

ities. While this is a first step in a direction of utilizing unified representation, we can take a

bigger leap by considering the new generation of similar models which are truly multimodal in

the sense that they align multiple modalities. Models like ImageBind [376], UniBind [377] and

OmniBind [378] give us more flexibility by aligning multiple modalities like audio, text, image,

video, point clouds etc. By using such models we can design approaches which are general in

terms of data processing, filtering and hard mining. Further, such encoders with a shared mul-

timodal space can also act as strong conditioning agents. Where unlike current generators that

utilize only one or two kinds of conditioning, by using these multimodal encoders we can extend

conditioning inputs to various different modalities.

9.2 Conclusion

Through this thesis we have looked at various supervision and data strategies commonly

used across recognition and generation landscapes. Starting with Teaching Matters [335] we

look at the role of supervision across different self-supervised and fully-supervised ViT back-

bones. We dive deep into the attention and feature representation to understand the changes that

occur when the same ViT backbone is trained with variations in training losses, recipes and data.
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We then dive deep into specific supervision scenarios tackling the problem of sparse supervi-

sion for object detection through our proposed method SparseDet [379] where we train object

detectors with missing labels. By utilizing a mix of semi and self-supervised losses we are able

to utilize sparse annotation better and reduce the negative effect of missing annotation regions

being labeled as background. Finally, on the recognition front we also look at open world dis-

covery style framework for synthetic image source attribution [380]. In this work we propose a

module pipeline to adaptively learn and cluster generated images coming from the same source

into the same cluster without any need for additional information regarding number of classes.

Our method is able to handle sources unseen during training and also works in an online setting.

On the generative modeling end we first look at highlighting issues with existing image-to-

image translation works in our work GRiT [381]. We show how existing losses are competing

against each other and propose a decoupled approach to generating a reconstruction and residual

image. By decoupling the outputs we are able to achieve better realism and show better out-

puts. Moving on from images we also propose two works for generating videos. The first work

LSR [382] uses a decoupled training paradigm to generate talking head video using few shots

of a new subject. Diff2Lip [383] on the other hand incorporates audio in addition to video to

generate high quality lip-synced talking heads.

Finally, given our learning from both generation and recognition domains we identify and

propose two new works which utilize generation to improve recognition. To this end we present

Gen2Det [368] where we utilize synthetic data from grounded diffusion models to improve object

detection and segmentation performance. We present a modular pipeline which is able to gener-

ate, filter and utilize synthetic data effectively and show improved performance especially in low

data and long tailed settings. Following up on our ViT analysis work we also present LiFT [384]
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which overcomes the issue of low resolution feature maps for dense task. Through LiFT we pro-

pose a lightweight network which is easy to train and use and incurs minimal computational cost

but is able to provide high resolution features which are much more useful for dense downstream

tasks.

While these works cover a wide breadth of supervision and data paradigms accross recog-

nition and generation, we in no way touch all existing directions but are positive our insights

would be helpful for future research along the directions we explored.
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[345] René Ranftl, Alexey Bochkovskiy, and Vladlen Koltun. Vision transformers for dense pre-
diction. In Proceedings of the IEEE/CVF International Conference on Computer Vision,
pages 12179–12188, 2021.

294

https://api.semanticscholar.org/CorpusID:9137763
https://api.semanticscholar.org/CorpusID:9137763


[346] Robin Strudel, Ricardo Garcia, Ivan Laptev, and Cordelia Schmid. Segmenter: Trans-
former for semantic segmentation. In Proceedings of the IEEE/CVF international confer-
ence on computer vision, pages 7262–7272, 2021.

[347] Anurag Arnab, Mostafa Dehghani, Georg Heigold, Chen Sun, Mario Lučić, and Cordelia
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