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Deep learning has become the cornerstone of artificial intelligence (Al), particularly
in language and computer vision domains. The progression in this field is reflected in
numerous applications accessible to the general public, such as information retrieval
via virtual assistants, content generation, autonomous vehicles, drug discovery, and
medical imaging. This unprecedented rate of Al adoption raises the critical need for
research on the fundamental underpinnings of deep neural networks to understand
what leads to their decisions and why they fail.

This thesis concentrates on self-supervised representation learning, a prevalent
unsupervised method employed by foundational models to extract patterns from
extensive visual data. Specifically, our focus lies in examining the low-dimensional
representations generated by these models and dissecting their failure modes. In our
initial investigation, we discover that self-supervised representations lack robustness
to domain shifts, as they are not explicitly trained to distinguish image content
from its domain. We remedy this issue by proposing a module that can be plugged
into existing self-supervised baselines to disentangle their representation spaces and
promote domain invariance and generalization.

Our subsequent analysis delves into the patterns within representations that

influence downstream classification. We scrutinize the discriminative capacity of



individual features and their activations. We then propose an unsupervised quality
metric that can preemptively determine whether a given representation will be correctly
or incorrectly classified, with high precision. In the next segment of this thesis, we
leverage our findings to further demystify the representation space, by uncovering
interpretable subspaces which have unique concepts associated with them. We design
a novel explainability framework that uses a vision-language model (such as CLIP)
to provide natural language explanations for neural features (or groups) of a given
pre-trained model.

We next investigate the role of augmentations and format transformations in
learning generalizable visual representations. Drawing inspiration from advancements
in audio and speech modalities, we examine how presenting visual data in multiple
formats affects learning, separating this from the impact of augmentations. In the final
segment, we reveal compositionality as a notable failure mode in current state-of-the-art
representation methods. We critique the use of fixed-size patches in vision transformers
and demonstrate the benefits of employing semantically meaningful patches based on
visual priors. This design adjustment leads to significant improvements in image-text
retrieval tasks and, more importantly, enhances performance on compositionality

benchmarks.
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Chapter 1

Introduction

The success of deep learning in computer vision is grounded in its ability to extract
relevant information from large amounts of data. One way to achieve this is through
representation learning where, deep neural networks are optimized to produce low-
dimensional representations (also called embeddings) of the high-dimensional data
(like images) presented to it. These representations encode sufficient information from
the data and are then used for downstream tasks. A large portion of foundational
models, especially in computer vision, rely on self-supervised learning to learn powerful
representations. Unlike supervised learning, this approach does not require any
labelled data. It instead relies on pretext tasks, driven by augmentations, to extract
semantically relevant information from images in the form of representations. Using
this approach, large vision models can be pre-trained on millions of images after which
frozen representations can be used for various downstream tasks like classification,
transfer learning, object detection, semantic segmentation, image retrieval etc. State-of-
the-art self-supervised approaches | : ; ; | have shown
on par classification performance compared to supervised methods and significantly
beat supervised methods in their generalization capability. Self-supervised learning

has also been deployed to align data from multiple modalities like language and vision



[ | and shown impressive results in zero-shot classification.

While large pre-trained vision models can contain billions of parameters, only
low-dimensional frozen representations are exposed when they are deployed. In this
thesis, we study how representations encode information, their non-trivial properties
and what leads to their success or failure. In Chapter 2, we observe that current state-
of-the-art self-supervised approaches, are effective when trained on individual domains
but show limited generalization on unseen domains. We observe that these models
poorly generalize even when trained on a mixture of domains, making them unsuitable
to be deployed under diverse real-world setups. Upon investigation, we observe that
the core issue lies in representations being unable to distinguish domain information
from content information. We therefore propose a general-purpose, lightweight Domain
Disentanglement Module (DDM) that can be plugged into any self-supervised encoder
to effectively perform representation learning on multiple, diverse domains with or
without shared classes. During pre-training according to a self-supervised loss, DDM
enforces a disentanglement in the representation space by splitting it into a domain-
variant and a domain-invariant portion. When domain labels are not available, DDM
uses a robust clustering approach to discover pseudo-domains. We show that pre-
training self-supervised encoders with DDM can improve downstream performance on
classification and transfer learning on various domain generalization benchmarks.

We next study how individual features in representations and their activation can
affect downstream classification in Chapter 3. Without the use of class label informa-
tion, we discover discriminative features that correspond to unique physical attributes
in images, present mostly in correctly-classified representations. Using these features,
we can compress the representation space by up to 40% without significantly affecting
linear classification performance. We then propose Self-Supervised Representation
Quality Score (or Q-Score), an unsupervised score that can reliably predict if a given

sample is likely to be mis-classified during linear evaluation. Q-Score can also be used



as a regularization term on pre-trained encoders to remedy low-quality representations.
Fine-tuning with Q-Score regularization can boost the linear probing accuracy of
self-supervised models compared to their baselines. Finally, using gradient heatmaps
and Salient ImageNet masks, we define a metric to quantify the interpretability of
each representation. We show that discriminative features are strongly correlated to
core attributes and, enhancing these features through Q-score regularization makes
representations more interpretable.

Owing to our finding that representation coordinates correspond to unique concepts,
we next attempt to explain these neural features using natural language in Chapter 4.
We propose Automatic Feature Explanation using Contrasting Concepts (FALCON),
an interpretability framework to explain features of image representations. For a
target feature, FALCON captions its highly activating cropped images using a large
captioning dataset (like LAION-400m) and a pre-trained vision-language model like
CLIP. Each word among the captions is scored and ranked leading to a small number
of shared, human-understandable concepts that closely describe the target feature.
FALCON also applies contrastive interpretation using lowly activating (counterfactual)
images, to eliminate spurious concepts. Although many existing approaches interpret
features independently, we observe in state-of-the-art self-supervised and supervised
models, that less than 20% of the representation space can be explained by individual
features. We show that features in larger spaces become more interpretable when
studied in groups and can be explained with high-order scoring concepts through
FALCON. We discuss how extracted concepts can be used to explain and debug
failures in downstream tasks. Finally, we present a technique to transfer concepts
from one (explainable) representation space to another unseen representation space
by learning a simple linear transformation.

We next shift the focus to the use of data augmentations/perturbations, one

of the pillars of generalizable vision representation learning. For audio and other



temporal signals, augmentations are commonly used alongside format transforms such
as Fourier transforms or wavelet transforms. Unlike augmentations, format transforms
do not change the information contained in the data; rather, they express the same
information in different coordinates. In Chapter 5, we study the effects of format
transforms and augmentations both separately and together on vision SSL. We define
augmentations in the frequency space called Fourier Domain Augmentations (FDA)
and show that training SSL models on a combination of these and image augmentations
can improve the downstream classification accuracy by up to 1.3% on ImageNet-1K.
We also show improvements against SSL baselines in few-shot and transfer learning
setups using FDA. Surprisingly, we also observe that format transforms can improve
the quality of learned representations even without augmentations; however, the
combination of the two techniques yields better quality.

Our studies identify several aspects of internal representations learned by models
that are prone to failures including; out-of-distribution generalization, interpretability
and data augmentations. These failures point to a key design of image understanding
architectures which rely on learning fixed-length representations from billions of
examples. While such learned representations are currently the state-of-the-art in
almost every domain where Al is used, they are prone to suffer significant bottlenecks
when it comes to continual/lifelong learning, multi-modal alignment and reasoning.
In the final Chapter 6, we instigate a new direction of research i.e., utilizing better
suited data structures and priors to learn more generalizable visual representations.
Vision transformers have established a precedent of patchifying images into uniformly-
sized chunks before processing. We hypothesize that this design choice may limit
models in learning comprehensive and compositional representations from visual data.
This paper explores the notion of providing semantically-meaningful visual tokens to
transformer encoders within a vision-language pre-training framework. Leveraging

off-the-shelf segmentation and scene-graph models, we extract representations of



instance segmentation masks (referred to as tangible tokens) and relationships and
actions (referred to as intangible tokens). Subsequently, we pre-train a vision-side
transformer by incorporating these newly extracted tokens and aligning the resultant
embeddings with caption embeddings from a text-side encoder. To capture the
structural and semantic relationships among visual tokens, we introduce additive
attention weights, which are used to compute self-attention scores. Our experiments on
COCO demonstrate notable improvements over ViTs in learned representation quality
across text-to-image (+47%) and image-to-text retrieval (+44%) tasks. Furthermore,
we showcase the advantages on compositionality benchmarks such as ARO (+18%)

and Winoground (+10%).



Chapter 2

Adapting Self-Supervised
Representations to Multi-Domain

Setups!’
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Figure 2.1: Framework of our proposed Domain Disentanglement Module: In
our proposed DDM framework, the representation space (h) of any given self-supervised
encoder is split into two portions, a domain prefix (h?) and a domain-invariant (h?)
portion. Along with the self-supervised loss (L), h? is trained to be distinguishable
across domains (Ld7 var) and h? is trained to be invariant to any domain information
(Lg invar). DDM also supports scenarios when domain labels are not available using
robust clustering, an iterative process that reduces outlier noise.

'Full paper available at https://arxiv.org/abs/2309.03999. Contributing authors include
Sam Sharpe, Jeremy Goodsitt, Bayan Bruss and Soheil Feizi.
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2.1 Introduction

Self-supervised learning | ; : ; ; ; ;
; | has become a popular paradigm for unsupervised representation
learning as it shows impressive results on downstream tasks. However, we find that
current self-supervised models when trained on a single-domain show very poor gener-
alizability to domain shifts. This can hinder their deployment in large scale real-world
settings where data almost always comes from multiple diverse domains. We illustrate
this issue in Figure 2.2, where we show that popular self-supervised models, SimCLR
| ], MoCo | ] and BYOL | |, trained on individual domains of
PACS | | significantly under-perform on unseen domains. This means that a
different self-supervised model needs to be trained for every new domain, which can
add significant computational overheads given that training these models often require
large batch sizes and a large number of training epochs | ; ; .
One potential solution for self-supervised learning on multi-domain datasets is to
train the models on the union of all input domains. We illustrate this in Figure 2.2 were
we plot the multi-domain training results for each baseline on a mixture of PACS Photo,
Sketch and Cartoon. We observe that this solution may show improved performance
on the training domains, however they do not match the single-domain baselines in all
cases. Moreover, they show poor generalization to unseen domains (PACS Painting).
In Section 2.3, we study the representation space closely under multi-domain regimes
to find that they can under perform compared to single-domain regimes because
domain-related and content-related information overlap in the representation space,
affecting their quality for instance classification.
To tackle these issues, we propose a Domain-Disentanglement Module (DDM),
that can be plugged in to any self-supervised model during multi-domain training.
With DDM, we enforce a disentanglement in the representation space where a domain

prefix is trained to be distinguishable across domains and the remaining portion is
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Figure 2.2: Self-supervised baselines under single and multi-domain setups:
We plot 3 SOTA self-supervised baselines, SimCLR, BYOL and MoCo, trained indi-
vidually on PACS Photo, Sketch and Cartoon and on their mixture. We observe that
both single-domain and mult-domain training generalizes poorly to unseen domains on
all baselines. These baselines when pre-trained with DDM (our method), outperforms
even single-domain baselines and shows significantly improved generalization to the
unseen domains.

trained to be domain-invariant to produce better structured representations. This
is achieved by minimizing the Wasserstein Distance [ACB17] between the known
and predicted domain label distributions. We also extend DDM to more realistic,
entirely unsupervised multi-domain setups where domain labels are unknown. In such
scenarios, we present a robust clustering approach that iteratively reduces outlier noise
and detects pseudo-domain-labels that are used in DDM.

By pre-training with DDM, we show that we can improve the generalization capa-
bility of various state-of-the-art self-supervised baselines including SimCLR |[Che  20a],
MoCo [He 20|, BYOL [Gri20], DINO [Car-21], SimSiam [C'H21] and Barlow Twins
[Zbo ' 21a]. We perform extensive experiments on generalization benchmarks including
PACS [Li 17], DomainNet [Pen 19] and WILDS [Koh 21]. Upon linear probing on
unseen domains, we observe an improvement of 6.1% on PACS, 7.4% on DomainNet
and 5.9% on WILDS using DDM. In summary, we propose a lightweight module called
DDM which can be simply attached to any self-supervised encoder to enable training
over multiple diverse domains to produce well-structured, generalizable representations

(See Figure 2.1).



2.2 Related Work

Building on the success of unsupervised learning techniques | : : :

; ; ; |, self-supervised models have shown unprece-
dented capabilities when used in a range of downstream tasks. Among a number of
self-supervised baselines, we focus on SimCLR | |, MoCo | |, BYOL
[ |, DINO | |, SimSiam | | and Barlow Twins | |. These are
joint-embedding self-supervised learning methods, which involve taking two augmented
views of the same input and ensuring their representations are close using the same
encoder or two encoders sharing the same weights.

Extending these self-supervised methods to multiple diverse domains, other than
ImageNet | |, is a relatively less explored topic | |. Existing approaches
[ ; ; | use pre-trained encoders and assume few source labels
for unsupervised domain adaption and domain generalization. | | uses available
class information and novelty discovery to learn new samples in the wild. These
works do not consider fully unsupervised multi-domain setups, where even domain
label information is unavailable. | | assumes domain labels and uses mutual
information to encode common invariant information and domain-specific information
for each image. | | uses multiple domain-specific decoders to reconstruct
images according to their domains such that the encoder is domain-invariant. This
method may not be scalable and is contingent upon the number of available domains.
[ | proposes a contrastive method that selects negatives across domains to
train invariant representations. Our method reports better numbers on the PACS
dataset compared to these baselines. Our method also does not assume domain labels
and can be flexibly applied on any self-supervised setup.

In our paper, we focus on a general multi-domain setup with diverse related or
unrelated domains, with and without shared classes, and evaluate on individual domain-

specific tasks. We make it possible to efficiently pre-train a single encoder on any
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Figure 2.3: Visualizing Colored-CIFAR representations: We prepare Colored-
CIFAR, multi-domain version of CIFAR-10 [[{NHa| where the images are randomly
colored red or green. We visualize the top activating features of the class-averaged
representations of both domains. In the SimCLR baseline, we observe a clear differ-
ence in feature distribution within the same classes, across domains. DDM enables
representations to have a shared domain-specific prefix while the remaining portion
is domain-invariant and almost identical across classes. This structure significantly
improves linear evaluation performance (See Figure 2.4).

existing state-of-the-art self-supervised setup, over multiple domains, to significantly

improve their generalizability.

2.3 Self-Supervised Models under Multi-domain Se-
tups

We observed in Figure 2.2, that state-of-the-art self-supervised learning methods
like SImCLR [Che + 20a], MoCo [Che  20b] and BYOL [Gri | 20] show low transfer
performance on unseen domains on both single-domain and multi-domain regimes.
In this section, we take a closer look at the learned representation space under these
regimes to explain this behavior.

We first define some notations. Let us consider a self-supervised model with
a base encoder f(.). We apply data transformations and pass the input samples,
x; € R™, through the base encoder to get self-supervised representations denoted by
f(x;) = h; € R” where r is the size of the representation space.

Let us take the example of SimCLR [Che 20a] trained on CIFAR-10 [KNHa|

10



dataset. In the first t-SNE | | plot in Figure 2.4(a), we observe that the repre-
sentations are naturally clustered based on their classes, which allows us to achieve a
top-1 accuracy of 90.18 after linear probing. Let us now define a multi-domain version
of CIFAR-10 called Colored-CIFAR where, each sample is randomly colored either
red or green as shown in the first panel of Figure 2.3. In this dataset, the domains
refer to the colors of the image, while the labels are of the objects. When SimCLR is
trained on Colored-CIFAR, there is a significant drop in top-1 accuracy (78.52). We
observe that the representation space is divided into two large clusters, corresponding
to the domains (red or green) as shown in 2.4(b). We attribute the loss in accuracy to
this significant change in representation structure.

We now study the SimCLR representation space of Colored-CIFAR. to further
understand and explain multi-domain behavior. In Figure 2.3, in the second panel,
we show a heatmap of the domain-wise averaged representations of each class in
CIFAR-10. Each column corresponds to specific feature indices of the class-averaged
representations. The darker the column, the higher the magnitude of the feature.
For fair comparison, we L2 normalize every feature. For ease of visualization, we
display only the subset of feature indices (called most activating features) that are
strongly deviated from the mean in at least one row. The remaining features show
low activation across the board and are omitted from visualization | ; .
Top activating features correspond to important physical attributes discovered from
the training data | ; |. Two images of a car, one in each domain, would
share all physical attributes except for the color. An ideal self-supervised encoder is
expected to encode all physical attributes independent of any domain shift.

However, in multi-domain SimCLR, we observe that there is almost no overlap
between the most activating features of each class between the red and green domains.
This suggests that the domain information (color) and instance information (actual

content of the image) are somewhat interleaved in these representations, causing
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different sets of features to be strongly activated for the same class based on the
domain. In single-domain SimCLR on CIFAR-10 (no colors), the representations only
encode content information, which results in linearly separable representations by
class. In multi-domain SimCLR on Colored-CIFAR, a combination of both domain
and content information is encoded in every representation which directly affects linear
classification performance. Therefore, to achieve comparable performance to single-
domain setups, we propose to disentangle domain information from representations
by plugging in a general-purpose a Domain-Disentanglement Module (DDM) for

Self-Supervised Models which is discussed in the next section.

CIFAR-10 Colored-CIFAR ColoredCIFAR (Domain Prefix) Colored-CIFAR (Invariant Portion)

(a) Accuracy: 90.18 (b) Accuracy: 78.52 (¢) Accuracy: 87.06 (DDM) (d) Accuracy: 87.06 (DDM)

Figure 2.4: SimCLR Representation t-SNE before and after DDM: CIFAR-10
representations are naturally clustered by class, however, Colored-CIFAR representa-
tions are clustered by domain which leads to a significant reduction in classification
performance. When SimCLR is trained with DDM, the prefix alone has domain-
distinguishable representations, while the remaining portion of the representation is
domain-invariant, clustered by class. This structure notably improves the classification
performance.

2.4 Domain-Disentanglement Module for Self-Supervised
Representations

As described in the previous section, self-supervised models in their current state, are
not trained to learn content and domain information independently. We hypothesize
that disentangling domain information from the learned representations can improve

the performance of existing state-of-the-art SSL. models in multi-domain setups. We
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therefore propose a general-purpose Domain-Disentanglement Module (DDM) that
can be simply attached at any SSL encoder during its pre-training. In this work
focus on joint-embedding (involving two transformed views) self-supervised encoders
[ : : ; ; : ; ; | and not
masked image models | |-

Recall that for a given sample x;, its representation is denoted by f(x;) = h; € R".
Let ; denote the domain of the i** representation. We allocate the first k features
of the representation as the domain prefix, h; ¢ i, denoted by hf for ease of notation.
The remaining portion of the representation h;y, . is denoted by h?. We call h{ as
the domain-variant portion and h? as the domain-invariant portion. We train the

domain prefix of the i** sample according to the following contrastive optimization,

PO Lj4ily;=y; sim(h{,hY)
~ N
2]2:1 Ty, 2y, szm(hg,h?)
1 _aTb
7 [lall[o]

L = log

id_ var

where sim(a,b) = exp ( ) This loss maximizes the similarity of the domain
prefixes within each domain and minimizes the similarity of domain prefixes across
domains. h? is learned according to any self-supervised loss like SimCLR, MoCo,

DINO etc., denoted by L Splitting the representation in this manner helps us

e
control each portion independently. L,y ensures that all content information is encoded
in a self-supervised manner such that representations can be utilized for downstream
tasks. L4 yqr ensures that the domain prefixes across samples of different domains are
distinguishable.

We next ensure that h? does not contain any domain-related information (domain-
invariance constraint). In other words, it should not be possible to predict the the
domain label y; from the representation h?. To achieve this, we pass each h? through
a domain discriminator D(.) and minimize the Wasserstein distance (using the dual

form as proposed in | ), L = D(h?, y;) — D(M?, Yrana), where yrana ~ P(y),

1 d_invar

i.e., randomly drawn from the distribution of domain labels. The final optimization
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for the encoder (f(.)) and the discriminator (D(.)) is,

(2.1)

td_invar

2N
m?x ; [)\Lissl +Liy o+ L

where A is a tunable hyperparameter. We optimize both the encoder f(.) and the
discriminator D using alternating gradient descent ascent. We train D(.) using gradient
penalty to improve its stability as proposed in | |. This formulation is similar
to | ; |, except that we use Wasserstein Distance to disentangle domain
information from the remaining portion of the representation space. In summary, our
module DDM consists of splitting the representation space into two parts and applying
two additional loss terms, Lq yor and Ly inyer- Note that, DDM can be plugged in
while training any existing state-of-the-art self-supervised model.

In Figure 2.3, in the last panel, we show the representation space of SimCLR
trained on Colored-CIFAR using DDM. We observe that among the most activating
features, the first few features (which are part of the domain prefix) are equivalent
for all classes within a domain and clearly distinguishable between both domains.
The remaining portion of the representation is completely invariant to any domain
information as each class shows very similar feature distribution in both red and green
domains. In the t-SNE plots (Figure 2.4(c) and (d)), we observe that the domain
prefix is separable by domain whereas the domain-invariant portion shows natural
class clusters with overlapping red and green images. This update in structure leads

to a significant improvement in top-1 accuracy from 78.52 to 87.06.

2.4.1 Experimental Setup

We use ViT-S | | as the base encoder (f(.)) for all of our experiments. Our
domain discriminator (D(.)) is an MLP with LeakyReLU activations. The repre-

sentations are 384-dimensional with a 24-dimensional domain prefix. We train the
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encoder according to various self-supervised baselines including SimCLR | |,
MoCo | |, BYOL | |, DINO | ], SimSiam | | and Barlow Twins
[ |. We use the same optimization and scheduling for the encoder as the
respective papers. While training with DDM, we use the Adam optimizer for the
domain discriminator with a learning rate of 0.005 and cosine-annealing scheduling and
A = 0.5. We experiment with PACS | |, DomainNet | | and the WILDS
[ | multi-domain benchmarks. We use Nvidia GeForce RTX A4000 GPUs for
pre-training. We evaluate representations using the linear evaluation protocol | ;

: | where we train a linear classifier on top of frozen representations and

compute the top-1 accuracy over the training and unseen domains.

2.4.2 Self-Supervised Baselines Trained with DDM

In Figure 2.2, we observed that self-supervised baselines (SimCLR, BYOL and MoCo),
when trained on a single domain or multiple domains, generalize poorly to unseen
domains. These baselines, when pre-trained with DDM, show improved performance
on the training domains (PACS Photo, Sketch and Cartoon) as well as significantly
improved generalization to the unseen domain (PACS Art Painting). Pre-training
on multiple domains with DDM outperforms every self-supervised baseline as shown
in Table 2.1 with a maximum of 2.6% improvement on average top-1 accuracy on
SimSiam. We also tabulate our results on DomainNet using Painting, Real and Sketch
as training domains and Clipart, Infograph and Quickdraw as the unseen domains in
Table 2.2. We observe that pre-training with DDM improves upon each self-supervised
baseline with a maximum of 3.5% improvement on average top-1 accuracy on BYOL.
DDM generalizes significantly better than its baselines showing a 6.1% (SimSiam)
increase in PACS (Painting) and a 7.4% (DINO) in DomainNet (Clipart).

To further evaluate the generalization of self-supervised baselines with DDM, we

utilize the WILDS benchmark | |. In this benchmark, pre-train on iWildCam
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(200K samples, 182 classes, 323 domains), Camelyonl7 (456K samples, 2 classes, 5
domains), FMoW (141K samples, 62 classes, 80 domains) and RxRx1 (125K samples,
1139 classes, 51 domains). We summarize our results in Table 2.3. On each benchmark,
we observe that DDM outperforms the baselines on the unseen validation set. The
accuracy in rxrx1 is low since it is a very hard classification task as it contains 1139

classes and 51 domains. We observe a 5.9% increase linear classification accuracy on

iWildCam on SimCLR

Table 2.1: SSL baselines trained on PACS (Photo, Sketch and Cartoon) with DDM

Model Top-1 Accuracy (Baseline / with DDM)
Photo | Sketch | Cartoon | Painting (Unseen) | Average

SimCLR 97.54 / 98.28 | 98.12 / 97.04 | 98.03 / 99.24 87.59 / 89.42 95.32 / 96.00
MoCo 93.59 / 93.19 | 92.71 / 94.36 | 91.63 / 92.98 77.34 / 78.51 88.81 / 89.76
BYOL 78.08 / 81.61 | 76.55 / 78.24 | 75.55 / 75.58 58.10 / 62.67 72.07 / 74.53
DINO 93.67 / 95.25 | 94.33 / 96.42 | 79.44 / 81.77 72.12 / 74.43 85.89 / 86.97
SimSiam | 83.68 / 84.71 | 80.97 / 85.44 | 93.75 / 92.59 |  57.98 / 64.09 | 79.09 / 81.71
Barlow Twins | 85.09 / 83.94 | 85.44 / 88.07 | 92.0 / 92.83 50.01 / 62.67 | 80.39 / 81.89

Table 2.2: SSL baselines trained on DomainNet (Painting, Real and Sketch) with
DDM

Top-1 Accuracy (Baseline / with DDM)

Model Painting ‘ Real ‘ Sketch ‘ Clipart (Unseen) ‘ Infograph (Unseen) ‘ Quickdraw (Unseen) ‘ Average
SimCLR 74.49 / 75.99 | 79.31 / 82.02 | 85.86 / 86.26 68.60 / 70.48 34.75 / 39.25 22.98 / 24.38 60.99 / 63.06
MoCo 70.20 / 73.08 | 89.79 / 86.37 | 86.66 / 88.15 65.10 / 68.91 34.56 / 34.75 19.89 / 22.12 61.03 / 62.23
BYOL 56.87 / 59.82 | 77.60 / 79.67 | 71.43 / 75.21 50.67 / 55.86 27.4 / 30.68 19.33 / 22.85 50.55 / 54.02
DINO 79.53 / 79.11 | 86.46 / 86.88 | 75.8 / 76.50 66.32 / 73.76 30.83 / 32.12 27.71 / 29.08 61.11 / 62.90
SimSiam 77.55 / 78.78 | 82.02 / 85.88 | 86.52 / 88.38 67.43 / 71.53 27.03 / 30.56 22.29 / 25.67 60.47 / 63.47
Barlow Twins | 56.78 / 61.18 | 79.06 / 80.16 | 71.56 / 73.90 60.40 / 64.33 26.11 / 28.82 18.67 / 21.70 52.09 / 55.01
Table 2.3: SSL baselines trained on WILDS with DDM
Top-1 Accuracy (Baseline / with DDM)
Model iWildCam ‘ Camelyonl7 ‘ FMoW ‘ RxRx1
SimCLR 66.01 / 71.87 | 95.19 / 95.68 | 38.94 / 41.23 | 8.43 / 11.20
MoCo | 67.05 / 69.12 | 91.45 / 93.47 | 40.04 / 40.23 | 5.67 / 5.93
BYOL 71.69 / 74.88 | 95.15 / 96.38 | 38.74 / 39.78 | 4.39 / 6.20
DINO 64.55 / 68.07 | 94.38 / 95.38 | 33.57 / 34.52 | 7.32 / 7.66
SimSiam 60.45 / 61.16 | 88.37 / 89.16 | 39.27 / 40.05 | 6.39 / 7.26
Barlow Twins | 63.17 / 63.84 | 96.38 / 97.62 | 44.40 / 47.46 | 5.79 / 6.65

16



DDM with Clustering DDM with Robust Clustering

& PACS (Cartoon)
+  PACS (Sketch)

a0

s PACS (Cartoon)
_10 «  PACS (Sketch)

-20 -10 ] 10 20 30 40 —40 -20 o 20 40

Figure 2.5: DDM with clustering: When domain labels are not available, we
perform DDM with clustering to identify pseudo-domain-labels. In the above plots we
show the t-SNE of the SimCLR representations trained on "Cartoon" and "Sketch"
domains in PACS. We observe that DDM with robust clustering produces a better
separation between domains.

2.5 DDM without Domain Labels

Most real-world multi-domain datasets are unlabelled (i.e., domain label information
is not available). In this section, we develop an extension of DDM for such setups by
identifying pseudo domain labels via a clustering approach in the representation space.
As it is common in clustering, we assume the number of domains (denoted by M) is
known. Depending on the multi-domain setup, we can also approximate the number of
domains by studying any available meta-data like data sources, geo-location, quality,
etc. We can also estimate the number of domains empirically through clustering and
visualization.

Domain labels are required in both DDM losses (L4 var, La invar) as described
in the previous section. Let us consider a fully unlabelled setup, with no domain
labels while the number of domains M is known. We first warm up our self-supervised
encoder f(.) treating it as a single-domain setup for a few iterations to get somewhat
distinguishable representations by domain. We next cluster the representations into M
clusters using K-Means clustering [[1\W79]. Using the cluster assignments as pseudo-

domain-labels (y), we continue training the encoder f(.) along with a discriminator
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using the DDM optimization, to learn domain-disentangled representations.

In practice, clustering does not discover 100% accurate domain labels, especially
for datasets that are distributionally similar. We therefore use a robust clustering
approach coupled with DDM to prevent outlier clustering noise from affecting the
pseudo-domain-labels. Suppose we discover M clusters with centroids ¢y, co, ..., Cyy,
before assigning pseudo-domain-labels to each sample, we first determine if they are
outliers or not. If so, we ignore these samples in the next stages of training to prevent
assigning a noisy label to them. We say a representation is not an outlier if it is
significantly closer to one of the clustering centroids compared to another. Concretely,

h; is not an outlier if

hi_ m 2
max{H:lSmSM,lﬁnﬁM}>l+e (2.2)
i — Cn

where € > 0 is defined as the outlier threshold. When € is high, it means that the
given sample is very close to its respective centroid. When € approaches 0, it indicates
that the sample is almost equidistant from at least two centroids and therefore, may
not be reliably assigned one pseudo-label. We ignore such samples going forward in
training. When we perform clustering for the first time, we start with e = 1. We
repeat the clustering at regular intervals of training on the representations h to get
improved cluster centroids. Each time we repeat clustering, we decay the value of
€ exponentially such that it approaches 0. By the end of training, all samples will
contribute to the training of the self-supervised encoder with DDM. In Figure 2.5, we
illustrate the difference between regular clustering and robust clustering with MDSSL
trained on the PACS dataset | ] ("Cartoon" and "Sketch" domains). We observe
that robust clustering helps in identifying more accurate and distinguishable clusters.

To evaluate DDM with robust clustering, we combine CIFAR-10 | ], CIFAR-
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100 | | and STL-10 | | to form a multi-domain dataset. The constituent
datasets are distributionally similar with several shared classes (CIFAR-10 and STL-10
share 9 out of 10 classes). With this setup, we try to simulate a real-world scenario
where data arises from various domains however the actual domains are undefined.
We therefore apply DDM with robust-clustering to identify pseudo-domain-labels. We
then evaluate the pre-trained representations by linear probing the validation portion
of each constituent dataset. We include Tiny-ImageNet | | as an unseen domain
to test generalization.

In Table 2.4, we tabulate the results on this prepared multi-domain dataset on
various self-supervised baselines with and without DDM and robust clustering. We
observe an improvement in the average top-1 accuracy across all baselines with 1.7%

improvement in MoCo. DDM shows improved generalization on Tiny-ImageNet with

a 2.9% increase in DINO.

Table 2.4: SSL baselines trained on a mixture of CIFAR-10, STL-10 and CIFAR-100
using DDM and robust clustering

Model Top-1 Accuracy (Baseline / with DDM and robust clustering)
CIFAR-10 ‘ STL-10 ‘ CIFAR-100 ‘ Tiny-ImageNet (Unseen) ‘ Average

SimCLR 89.43 / 90.03 | 79.77 / 81.01 | 63.33 / 64.90 49.58 / 51.22 70.53 / 71.79
MoCo 90.80 / 90.69 | 80.02 / 81.60 | 61.57 / 64.28 37.16 / 39.55 67.38 / 69.03
BYOL 88.31 / 89.68 | 75.07 / 75.72 | 64.82 / 65.56 50.04 / 51.10 69.56 / 70.52
DINO 90.61 / 92.96 | 84.7 / 82.35 | 62.63 / 63.57 49.52 / 52.46 71.87 / 72.84
SimSiam 87.02 / 87.38 | 72.15 / 73.78 | 62.08 / 61.90 33.11 / 34.78 63.59 / 64.46
Barlow Twins | 88.31 / 89.01 | 75.59 / 76.11 | 65.03 / 66.89 40.27 / 41.31 67.30 / 68.33

2.6 Conclusion

We proposed a Domain Disentanglement Module (DDM) for self-supervised encoders
that provide better structured representations, domain-invariant representations that
can be used for diverse multi-domain tasks. DDM also supports training over setups
where domain labels are not available by using a robust clustering technique that

reduces outlier noise. With DDM, we prevent the need for having to train multiple
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single-domain encoders and instead leverage a single encoder to perform comparably
on multiple domains. The benefit of invariant representations is better generalization

which we show on various benchmarks including PACS, DomainNet and WILDS.
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Chapter 3

Measuring Self-Supervised
Representation Quality for

Downstream Classification using

Discriminative Features'

3.1 Introduction

Self-supervised models | ; ; ; ; ; ;

; ; ; | learn to extract useful representations from data
without relying on human supervision, and perform comparably to supervised models
in downstream classification tasks. Pre-training these models can be highly resource-
intensive and time-consuming. It is therefore crucial that the learned representations
are of high quality such that they are explainable and generalizable. However, in

practice, these representations are often quite noisy and un-interpretable, causing

difficulties in understanding and debugging their failure modes | ; ;

'Full paper available at https://arxiv.org/abs/2203.01881. Contributing authors include
Kanika Narang, Hamed Firooz, Maziar Sanjabi and Soheil Feizi.
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Figure 3.1: Discriminative Features in Self-Supervised (SSL) Models: We plot
the percentage of highly activating samples for each feature in the SimCLR (ResNet-
50) representation space. The features that show very low or very high percentage
activations are non-discriminative as they likely correspond to very uncommon (lower
tail) or very general attributes (upper tail). The features that activate a moderate
number of samples (middle portion) are called discriminative features. As shown in
the gradient heatmaps, these features encode important physical attributes shared
among specific classes. These features play a key role in assessing the quality of SSL
representations for downstream linear classification tasks.
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In this paper, our goal is to study the representation space of pre-trained self-

supervised encoders (SSL) such as SimCLR | |, SwaV | |, MoCo
[ |, BYOL | |, SimSiam | |, DINO | |, VICReg | | and
Barlow Twins | | and discover their informative features in an unsupervised

manner. We observe that representations are mostly sparse, containing a small number
of highly activating features. These features can strongly activate a small, moderate
or large number of samples in the population. We refer to the moderate category of
features as discriminative features.

We observe some intriguing properties of discriminative features: (i) Although
discovered without any class label information, they can be strongly correlated to a
particular class or group of classes (See Figure 3.1); (ii) They highlight informative
concepts in the activating samples which are often related to the ground truth of those
samples; (iii) They activate strongly in correctly classified representations rather than
mis-classified representations (as shown in Figure 3.3) and finally, iv) Representations
can be compressed by up to 40% using discriminative features without significantly
affecting linear evaluation performance.

Building on these observations, we propose an unsupervised, sample-wise Self-
Supervised Representation Quality Score (Q-Score). A high Q-Score for
a sample implies that its representation contains highly activating discriminative
coordinates which is a favorable representation property. We empirically observe that
Q-Score can be used as a zero-shot predictor in distinguishing between correct and
incorrect classifications for any SSL model achieving AUPRC of 91.45 on ImageNet-100
and 78.78 AUPRC on ImageNet-1K.

We next apply Q-Score as a regularizer and further-train pre-trained SSL models
at a low rate to improve low-quality representations. This improves the linear probing

performance across all our baselines, highest on BYOL (5.8% on ImageNet-100 and
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3.7% on ImageNet-1K). The representations, after regularization, show increased
activation for discriminative features (Figure 3.3) due to which several previously
mis-classified samples get correctly classified with higher confidence.

Finally, we define a metric for quantifying representation interpretability using
Salient ImageNet | | masks as ground truth. Discriminative features are strongly
correlated to core features of Salient ImageNet. We can potentially explain these
features by correlating their meanings with the feature annotations provided for core
features in Salient ImageNet. We also observe that discriminative features in mis-
classified representations are less correlated with core features compared to correct
classifications. Q-score regularization improves this correlation for both correct and

mis-classified representations, thereby making representations more explainable.

3.2 Related Work

Unsupervised methods for classification has been a long-standing area of research, tra-
ditionally involving the use of clustering techniques | : ; ; :
; ; |. Self-supervised learning, is a powerful approach that
enables learning by preparing own labels for every sample | ; ; ;
| usually with the help of a contrastive loss | ; ; |. Pos-
itive views in SSL losses are multiple transformations | | of a given sample
using stochastic data augmentation. Through this approach, several state-of-the-art
SSL techniques | : : : : : | have pro-
duced representations that show competitive linear classification accuracy to that of
supervised approaches.
Understanding these learned representations is relatively less explored. Several
feature interpretability techniques exist | ; ; |, that aim

to explain individual neurons with natural language. However, our goal is to study
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representations through the lens of failure modes and generalization. | |, observes
that self-supervised representations collapse to a lower dimensional space instead of
the entire embedding space. Other methods | ; |, propose to separate
the representation space into variant and invariant information so that augmentations
are not task-specific. | | observes representations across layers of the encoder
and compare it to supervised setups. Clustering-based or prototypical-based methods
have also been proposed where the representation space is collapsed into a low-rank
space | ; 1. | | uses an RCDM model to understand representation
invariance to augmentations. | : | propose a score based on the rank
of all post-projector embeddings that can be used to judge and compare various
self-supervised models.

In this work, we focus more on studying the properties of representations across
correct and incorrect classifications in downstream linear probing (without using any
labels). We investigate the connection between these unsupervised properties in the
representation space and mis-classifications. Unlike | ; | which requires
computing rank over the entire dataset, our analysis leads to the development of
an unsupervised sample-wise quality score which can be used as a regularizer and

effectively improve downstream classification performance.

3.3 Understanding Representations and their Failure

Modes

Let us consider a pre-trained self-supervised model with a ResNet | | backbone
encoder f(.). Given an input sample, x; € R" its representation is denoted by,
f(x;) = h; € R", where r is the size of the representation space.

Upon visual analysis (See Appendix for more details), we observe that each

representation is nearly sparse, i.e., most feature activations are close to zero | |.
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Figure 3.2: Linear probing discriminative features: We train linear classifiers
after selecting subsets of discriminative features of various sizes (middle portion of
Figure 3.1) and plot their top-1 accuracy for various SSL baselines. Classifiers trained
using discriminative features consistently outperform those of randomly selected
features (averaged over 4 random seeds). We can achieve up to 40% reduction in
representations size using discriminative features without significantly affecting the
top-1 accuracy.
There exists a select few features that are strongly deviated from the remaining
features in that representation. For any given representation h; € R", we formally
define the set of highly activating features (L;) as L; := {j : hyj > w; + €0},
where p; and o; denote the mean and standard deviation of h; respectively and € is a
hyperparameter that is empirically selected. We use € = 4 in our experiments. In all
our analysis, we perform L2 normalization over every h to ensure fair comparison of
features. For every feature j, the percentage of highly activating samples is denoted
by, A; = % Zfil 1,cr, where N is the size of the population. In the top panel of
Figure 3.1, we plot A; for all features j in the SimCLR representation space of the
ImageNet-1K train set. The x-axis is ordered in ascending order of A;. In the next
section, we dissect this plot to group features based on A;.

Our observations do not directly extend to ViT-based SSL encoders since, unlike
ResNet encoders, their representations can also contain negatively activated features.

They need not be sparse in nature (no ReLLU before representation layer), rather,

features can be both positively (highly activating) or negatively (lowly activating)
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correlated to important class-specific concepts. In our work, we observe several unique
properties of highly activating features in ResNet representations which are beneficial
to detect failures. We see ViT encoders as an important direction for future work and

focus on ResNet-based encoders for our study.

3.3.1 Discriminative Features

Based on Figure 3.1, we can define three broad categories of highly activating features:
(i) Features that are highly activating across a very small fraction of the population,
corresponding to the lower tail features in Figure 3.1. We take the example of features
621, 251 and 1021 and visualize their highly activating samples and gradient heatmaps
(using GradCAM | |). Since these features activate very few samples, they likely
correspond to image-specific or uncommon concepts. Such features would also not
be useful in classification tasks as these are not shared, class-relevant attributes. (ii)
Features that highly activate a very large number of samples in the population i.e, the
upper tail features in Figure 3.1. Like feature 2021 and 401, such features are likely
to encode very broad and general characteristics (like texture, color etc.) common to
most samples (spanning various classes) and therefore, are not class-discriminative.
The third category includes, (iii) Features that highly activate a moderate number
of samples in the population (i.e. the middle part in Figure 3.1). These features are
most likely to encode unique physical attributes associated with particular classes.
For example, feature 98 corresponds to the "stripe" pattern which is an important
property of the zebra class. Similarly, feature 970 corresponds to the style of the
daisy class, and feature 1392 corresponds to lionfish in different scenes. We refer to
this subset of highly activating features as discriminative features. Note that we did
not use any label information for this analysis. We can identify discriminative and
non-discriminative features in a fully unsupervised manner by simply observing their

percentage activations (A). The bar plots in Figure 3.1, show that these features
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activate more than 80% of particular classes which confirms that these features are
strongly class-correlated.

Discriminative features can be regarded as a summarization of the top concepts
related to each class of the dataset the encoder is trained on. We justify the described
method of selection in Figure 3.2, where we plot the top-1 accuracy of a linear classifier
trained on ImageNet-1K using subsets of discriminative features of varying sizes as
chosen from Figure 3.1 (middle portion). We compute the percentile for each point in
the distribution A and gradually increase the lower limits (from 0 percentile), and
decreasing the upper limits (from 100" percentile) to get multiple sets of discriminative
features of varying sizes. We also plot the top-1 accuracy when random subsets of
features are selected. We observe that discriminative features perform significantly
better compared to randomly selected features. We also observe that we can reduce
the representation size up to 40% using the discriminative features, with minimal
reduction in performance. In practice, we select the discriminative features between
the 50" and the 95" percentile of A (as shown in Figure 3.1). This range can be
discovered empirically and can be further tuned for each model-dataset pair. In the
Appendix, we also show that selecting features from either the lower or upper tail of
A also under-perform compared to discriminative features from the middle portion.

While we analyze features independently in our work, it has been shown | ;

| that not all neural features are axis-aligned. Meaningful class-related concepts
can also be encoded by multiple features (See Appendix for examples). In such cases,
the whole group of features can be considered as discriminative. These groups can be
highly activating for specific classes and lie in the middle portion of A. We also perform
a PCA analysis on the representation space (see Appendix) to partially validate our

selection method.
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Indices of Discriminative Features in Representations

Figure 3.3: Comparing correct and mis-classified representations: In these
heatmaps, we visualize the discriminative features of average SimCLR representations
of several ImageNet-1K classes - correct (left) and incorrect (right) classifications. In
the baseline, we observe that discriminative features are strongly activated only in
correctly classified representations. Q-Score regularization improves discriminative
features’ activations, even in mis-classified representations.

3.3.2 Mis-classified Representations

We now study how discriminative features play a key role in detecting potential
mis-classifications in a fully unsupervised manner. In Figure 3.3, we take SimCLR
ImageNet-1K representations and visualize the discriminative features. On the left, we
show the average representations of correctly classified samples (after linear probing)
in a subset of classes, while on the right, we show the same for the mis-classified
samples in those classes. The subset of features we display is the same for correct and
incorrect classifications.

As we can see, in Figure 3.3, in the first panel, there is a clear difference between
representations of correctly and incorrectly classified examples. Both correct and
mis-classified representations are nearly sparse, however, the discriminative features
are significantly more activated in correct classifications. This is especially interesting
because we can visually distinguish between correct and incorrect classifications, just
by observing the discriminative features, without using any label information. Note
that this observation does not depend on the actual ground truths or predicted labels
of the linear classifier rather, just a binary outcome or whether or not a sample was
correctly classified.

The correlation of discriminative features to unique physical attributes as studied in
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Figure 3.4: Precision-Recall and ROC curves of Q-Score: We measure the
effectiveness of Q-Score when used as a predictor in distinguishing between correct and
mis-classified representations on ImageNet-100 and ImageNet-1K on each SSL model.
Q-Score shows an AUPRC of up to 91.45 on ImageNet-100, 78.78 on ImageNet-1K
and AUROC of 73.26 on ImageNet-100, 65.44 on ImageNet-1K.

the previous section, suggests that their presence may be useful in correctly classifying
representations. In Figure 3.3, our claim is confirmed as we observe that mis-classified
representations do not show high activations on these features. Therefore, for any
given sample, we can consider discriminative features as strong signals indicating
classification outcome without requiring to train a linear classification head. We would
like to emphasize that our results only indicate an association between these structural

properties and classification accuracy and we do not claim any causal relationship

between the two.

3.4 Self-Supervised Representation Q-Score

Our study of learned representation patterns helps us discover discriminative features
in an unsupervised manner. These features encode class-specific attributes and help
us visually distinguish between correct and incorrect classifications. We combine these

observations to design a sample-wise quality score for SSL representations. Let us
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define D, such that |D| < r, as the set of discriminative features for a given SSL
model trained on a given dataset. For the i'* sample, we have h; (representation),
(mean of h;), o; (standard deviation of h;) and the set of highly activating features
L; ={j : hij > p; + €o;},|Li| <r. We define our Self-Supervised Quality Score for

sample i as,

1

Qi = mje;l)(hij = 14i) (3.1)
where, L; N D is the set of discriminative features specific to the " sample.
Intuitively, higher (; implies that the representation contains highly activated discrim-
inative features which are strongly deviated from the mean. Our objective with this
metric is to compute a sample-specific score in an unsupervised manner indicating
the quality of its representations. Ideally, we would like to argue that samples with
higher QQ-score have improved representations and thus are more likely to be classified
correctly in the downstream task. This is a general score that can be applied to any
ResNet-based SSL model trained on any dataset. See Appendix for a discussion on

Q-Score in supervised models.

Next, we measure how effective our score is in differentiating between correctly
and incorrectly classified representations in an unsupervised manner. In Figure 3.4,
we plot the Precision-Recall (PR) curve and the Receiver Operating Characteristic
(ROC) curve of Q-Score when used as a predictor of classification outcome (correct
or incorrect). We show this for SInCLR, SwaV, MoCo, BYOL, DINO and SimSiam
for ImageNet-100 (top panel) and ImageNet-1K (bottom panel). We also compute
the AUROC (area under receiver operating characteristic curve) and AUPRC (area
under precision-recall curve) of these curves. We observe AUPRC up to 91.45 on

ImageNet-100 and 78.78 on ImageNet-1K on BYOL. On SimCLR, we observe AUROC
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up to 73.26 on ImageNet-100 and 65.44 on ImageNet-1K. Based on these results we can
conclude that, Q-Score is a reliable metric in assessing the quality of representations,
meaning that representations with lower Q-Score (quality), are more likely to be
mis-classified.

We now check if promoting Q-Score on pre-trained representations is helpful. To
do so, we take state-of-the-art pre-trained SSL models and further train them for a
small number of iterations with Q-Score as a regularizer. For example, we can apply

this regularizer to the SiImCLR optimization as follows,

2N

1 |: Sim(ziv Z’L)
max — log . + A lg<a(@) (3.2)
02N ; 23:1 1 zisim(z;, z;)

where z is the latent vector computed by passing h through a projector network
and sim(.) denotes the exponentiated cosine similarity of the normalized latent vector.
« is a threshold with which we select the low-score samples whose Q-Scores should
be maximized and ) is the regularization coefficient. In other words the goal of this
regularization is to improve low-quality representations, similar to the ones shown in
Figure 3.3, by maximizing their discriminative features for downstream classification.

In practice, directly applying this regularization could lead to a trivial solution
where a small set of features get activated for all samples. This is not a favorable
situation because these representations become harder to classify accurately and
more importantly, the discriminative features are no longer informative because
they are activated for all samples (similar to the upper tail in Figure 3.1). Such
features have significantly large L1 norms across samples compared to the remaining
features. Therefore, in our revised optimization, we penalize features that have large
L1 norms across samples. Let us denote the representation matrix of a given batch by

H € R?M*" and ||H, x||; represents the L1 norm of the k™ column (corresponding to
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Table 3.1: Boosting linear classification performance with Q-Score regular-
ization: We tabulate the top-1 accuracy of linear evaluation on SimCLR, SwaV,
MoCo, BYOL, DINO, SimSiam, VICReg and Barlow Twins with and without Q-Score
regularized fine-tuning and a simple lasso regularization. We observe that Q-Score
regularization consistently improves each SSL state-of-the-art baseline achieving up to
5.8% relative improvement on ImageNet-100 and 3.7% on ImageNet-1K.

Model ImageNet-100 ImageNet-1K
Baseline ‘ Lasso ‘ Q-Score Baseline ‘ Lasso ‘ Q-Score
SimCLR 78.64 75.63 | 80.79 (+2.2% 63.80 61.48 | 66.18 (+2.3%
SwaV 74.36 74.56 | 78.90 (+4.5% 69.95 67.35 | 71.05 (+1.1%

MoCo 79.62 78.81 | 85.16
BYOL 80.88 78.73 | 86.72
DINO 75.41 75.18 | 76.39
SimSiam 78.80 78.42 | 81.41
VICReg 79.77 76.95 | 81.56
Barlow 80.63 80.32 | 81.03

) )
) ( )
+55%) | 67.03 | 65.12 | 69.31 (+2.2%)
+5.8%) | 69.14 | 68.47 | 72.81 (+3.7%)
+1.0%) | 7552 | 72.89 | 75.78 (+0.3%)
+2.6%) | 68.62 | 68.63 | 70.47 (+1.9%)
+1.8%) | 73.63 | 72.86 | 74.72 (+1.1%)
+04%) | 67.85 | 66.47 | 69.58 (+1.7%)

Py

the k'™ feature). Our regularized objective would then be,

2N

1 Sim(zia zz)
MXON Z [10% 5N ; + Mg, <a(Qi)
6 2N i1 Zj:l ﬂj#iSZm(Zi, Zj)

=2 > e ([ H k1) (3.3)
k=1

where the threshold S helps us select the uninformative features whose L1 norms
should be minimized. In practice, we choose o and 3 for each batch as the mean

values of ); and ||H, ||y respectively.

3.4.1 Experimental Setup

Our setup consists of state-of-the-art self-supervised ResNet encoders (f(.)) - SimCLR,
SwaV, MoCo, BYOL, DINO (ResNet-based), SimSiam, VICReg and Barlow Twins
that are pre-trained on datasets - ImageNet-1K, ImageNet-100 | |. We use
a ResNet-50 encoder for our ImageNet-1K experiments and ResNet-18 encoder for
all other datasets. We discover discriminative features for each pre-trained model

using the train set of each dataset. For Q-Score regularization, maintaining the same
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encoder architecture as the respective papers, we use the LARS | | optimizer
with warmup-anneal scheduling. We further-train each pre-trained model with and
without Q-Score regularization (controlled by A; and A;) using a low learning rate
of 1075 for 50 epochs. We find that \; = )y = 10~ generally works well for fine
tuning. We use a maximum of 4 NVIDIA RTX A4000 GPUs (16GB memory) for all
our experiments. Using the implementations from solo-learn | |, we have tried
to match our baseline numbers as much as possible within the error bars reported
in the papers using the available resources. We follow the standard evaluation by
training a linear classifier on frozen pre-trained representations for 100 epochs. For all

our gradient heatmap visualizations, we utilize GradCAM | |-

3.4.2 (Q-Score Regularization

We tabulate our linear evaluation results of various SSL baselines before and after
Q-Score regularization in Table 3.1. We also include results on lasso (L1) regularization
[ | on pre-trained models. Lasso promotes sparsity by minimizing the L1 norm of
representations. Q-Score regularization improves the linear probing top-1 accuracy
on all of the SSL state-of-the-art models. We observe the most improvement on
BYOL showing 5.8% increase in accuracy on ImageNet-100 and 3.7% on ImageNet-1K.
Lasso regularization shows degraded performance across most models since naively
sparsifying representations can lead to loss of information. In contrast, Q-Score
regularization promotes highly activating discriminative coordinates which we have
shown to be essential for downstream classification. We include more results on
CIFAR-10 | |, STL-10 | | and CIFAR-100 | | in the Appendix. We also
include the results on the transfer performance of discriminative features and Q-Score
regularized ImageNet-1K models on unseen datasets in the Appendix. Q-Score is
therefore a powerful regularizer that can boost the performance of state-of-the-art

SSL baselines.
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Figure 3.5: Discriminative features in mis-classified samples: The discriminative
features’ heatmaps on the SimCLR (baseline) activate portions that may not be
relevant to the image ground truth, leading to incorrect predictions. After Q-Score
regularization on these representations, the heatmaps become more localized and less
noisy, whilst improving predictions and confidence.

In addition to top-1 accuracy, Q-Score also shows significant improvement in
representation quality. In Figure 3.3, we compare the discriminative features of
representations before and after Q-Score regularization. We observe that the magnitude
of discriminative features and consequently the Q-Score, increases for both correct and
mis-classified representations after regularization, making it harder to differentiate
between them. For example on SimCLR ImageNet-1K, the AUROC reduces to
59.81 and AUPRC to 71.28. We also observe improved classification confidence as
representations become more disentangled (see Appendix for a discussion on this).
Our regularization produces better quality representations with clear discriminative
features making them more distinguishable across classes and therefore, easier to
classify. Due to this, we can attribute the improvement in performance to improved
representation quality. Although Q-Score improves accuracy, it does not entirely
prevent mis-classifications as mis-classifications may occur due to a variety of reasons
such as, training augmentations, hardness of samples, encoder complexity, dataset
imbalance etc.

Our motivation for using discriminative features as discussed in Section 3.3 is

because - a) they are at clear contrast between correct and incorrect classifications,
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Figure 3.6: Comparing discriminative features with Salient ImageNet core
and spurious features: We compare the gradient heatmaps of discriminative
features correct and incorrect classifications of SimCLR on ImageNet-1K with the
core and spurious masks of the same images in Salient ImageNet. We observe that
discriminative features generally overlap more with core features in Salient ImageNet.
and b) they show strong correlation to ground truth. We observed in Figure 3.3
in the baseline, that the discriminative features in correctly classified samples are
not strongly activated in mis-classified samples. We now study some mis-classified
samples and observe how their features may improve with Q-Score regularization. In
Figure 3.5, we visualize the gradient heatmaps of the discriminative features of some
mis-classified examples in SimCLR. In the baseline, we observe that discriminative
features do highlight portions of the image relevant to the ground truth, however,
they may also activate other portions that are not necessarily important (see rock
crab and green mamba). These heatmaps reflect low quality representations where
the discriminative features are not strongly deviated from the mean. After Q-Score
regularization, the maximization of discriminative features also leads to better gradient
heatmaps that are more localized and cover almost all important portions of the image

relevant to the ground truth. Therefore, these samples get classified correctly with

higher confidence after regularization.
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3.5 Quantifying Representation Interpretability with
Salient ImageNet

We have observed that discriminative features in representations correspond to mean-
ingful physical attributes through gradient heatmaps and they play a key role in
deciding the downstream classification outcome. In this section, we quantify the
interpretability of these features between correct and incorrect classifications. We
utilize Salient ImageNet | | as the ground truth baseline to compare our gradient
heatmaps with. The Salient ImageNet dataset contains annotated masks for both
core and spurious features extracted from a supervised robust ResNet-50 model for
6858 images spanning 327 ImageNet classes. It also contains some natural language
keywords, provided by workers to explain each feature. Core features are those that
are highly correlated with the ground truth of the image, whereas, spurious features
are those that activate portions irrelevant to the ground truth. In Figure 3.6, we study
some correct and mis-classified samples in the SimCLR baseline. We plot the gradient
heatmaps of the discriminative features (combining each individual feature heatmap)
of SImCLR for each respective image. We also plot the core and spurious masks of
the same images from the Salient ImageNet dataset. We observe that discriminative
SimCLR features mostly capture relevant and defining characteristics of the images,
therefore are highly correlated with the ground-truth. Moreover, for every correctly
classified image, these heatmaps overlap more with core features than spurious features
in Salient ImageNet. Discriminative features in mis-classified images also overlap with
core features in most cases. Since discriminative features are very closely related (in
terms of overlap) to core features, we can potentially explain these features better
with the help of worker annotations in Salient ImageNet. Therefore, these features
can be considered as interpretable.

We quantitatively measure the interpretability of a given representation of a
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given model by computing the Intersection over Union (mloU) between the heatmap
of discriminative features and the core or spurious mask of that image in Salient
ImageNet. We can extend this to measure the overall interpretability of a given model
by computing the mean Intersection over Union (mloU) over the population. For the
it" image , we define Ar; as the area of the heatmap of its discriminative features. Let

Argere and Ar;” be the area of the core and spurious masks respectively. The mloU

scores are defined as follows,

where s(.) calculates the sum of the pixel values of the discriminative features’ heatmap
in the given area. Higher mIoU“ % indicates that, on an average higher percentage
of the feature heatmap overlaps with the annotated core region, meaning that the
model features are more interpretable.

In Figure 3.7, we show that for all SSL baselines, mIoU“"® > mloU*” for both
correct and incorrect classifications which confirms that discriminative features gener-
ally encode important and core attributes over the whole population. Among correct
and mis-classified samples in the baselines, we observe that the mloU“"® of correct
classifications is higher than mis-classifications. This aligns with our observations in
Figure 3.5, which shows that discriminative features in mis-classified samples may
not be strongly deviated from the mean and therefore, may correspond to less im-
portant portions of the image. After Q-Score regularization, we observe an increase
in mloU“"® for both correct and mis-classified samples compared to the baseline.
This shows that our regularization which enhances discriminative features produces

better gradient heatmaps which are more overlapped with core portions of images
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Figure 3.7: mIoU scores with Salient ImageNet features: We compute the
mean mIoU®"® and mIoU®” scores of SSL baselines (using their discriminative features)
before and after Q-Score regularization. We observe that discriminative features for
all models generally show higher % IoU with core features than spurious features.
Mis-classified representations show relatively lower % IoU with core features. After
QQ-score regularization, we observe that mloU“"“ generally improves for both correct
and mis-classified representations.

and therefore, improves the overall model interpretability. Note that, spurious feature
heatmaps (Figure 3.6) cover almost all the image content. As shown in Figure 3.5,
discriminative feature heatmaps, after regularization, become larger or smaller to
capture all core characteristics of the image. This can cause mIloU®*” to be higher or

lower after regularization. We therefore only use mloU*” to compare with mloU“"®

and not to analyze the regularization effect.

3.6 Conclusion

We studied the representation space of SSL models to identify discriminative features in
a fully unsupervised manner. Using discriminative features, we compress the represen-
tation space by up to 40% without largely affecting the downstream performance. We
defined an unsupervised sample-wise score, Q-Score, that uses discriminative features
and is effective in determining how likely samples are to be correctly or incorrectly
classified. We regularized with Q-Score and remedied low-quality samples, thereby,
improving the overall accuracy of state-of-the-art SSL models on ImageNet-1K by up

to 3.7%, also producing more explainable representations. Our work poses several
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questions and directions for future work: (i) What are other causes for failures and
poor generalization in SSL, models apart from representation quality?; (ii) Studying
properties for ViT-based representations in a similar fashion is a crucial next step to
our work as ViT is a widely used SSL encoder; (iii) How can representations be better
structured for non-classification-based downstream tasks such as object detection
and semantic segmentation, where discriminative features should correlate to the

object/segment categories (which can be several per-image).
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Chapter 4

Identifying Interpretable Subspaces in

Image Representationsl

4.1 Introduction

Learning generalizable representations has a growing requirement given the consid-
erable cost of pre-training and inference. More importantly, understanding what
is encoded in representations is a necessity for deployment, particularly in medical
and safety-critical applications | |. Large pre-trained self-supervised models
[ ; ; ; | have shown successful generalization capability
with frozen representations, however, their representation spaces are still not fully
understood. Prior works attempt to understand neural features through detailed
visualization of concepts | : : : : |. Visualization
(via saliency) helps discover various attributes that neurons react to, but can be noisy
and greatly ambiguous requiring manual inspection to achieve any useful explanation.
Natural language explanations can complement saliency heatmaps by providing a

small number of conceptual keywords that accurately describe the salient component.

IFull paper available at https://arxiv.org/abs/2307.10504. Contributing authors include
Shweta Bhardwaj, Bayan Bruss, Hamed Firooz, Maziar Sanjabi and Soheil Feizi.

41


https://arxiv.org/abs/2307.10504

Representation Space

Pre-trained
Vision Model

Vs
Highly Activating

Images [ Large Captioning Dataset ]

> cup
>
Top 5 Captions Per

Image with CLIP
confidence

Contrastive
Concept Extraction

Figure 4.1: Framework of FALCON: We outline the process of interpreting any
given feature(s) in the representation space of a pre-trained model using a probe dataset
D and a captioning dataset S. Taking the set of highly activating images (from D)
for the target features we compute their gradient heatmap [Scl  19] crops, keeping
only the highly activating regions. We compute CLIP [OW?22] image representations
of the cropped images and text representations of a large captioning dataset (in our
case, LAION-400m [Sch 1 21]). For contrastive interpretation, we also caption lowly
activating (counterfactual) images. Using cosine similarity, we select the top 5 captions
per image and pass them through our concept extraction module (Described in Figure
4.3).

GradCAM Feature Crop
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Figure 4.2: Concepts extracted by FALCON for various features in the
SimCLR representation space: We explain various features of the final layer
representations of SInCLR [Che20a] pre-trained on ImageNet [Rus - 15b] with a
ResNet-18 [He  16] backbone (512 features). For each feature, we show the top
activating images as well as the lowly activating images. We crop the top activating
images to highlight only the activated regions and extract concepts using the approach
outlined in Section 4.2. The lowly activating images are used to filter spurious concepts
using our approach called contrastive interpretation (See Equation 4.2).
Text-based explanations of model features can also enable scalable analysis of model
interpretability. We can automatically identify concept frequency and sensitivity,
their contribution in downstream tasks and debug failures modes. We note that
such analysis is not easily possible using traditional interpretation methods involving
saliency (gradient heatmaps). One way to achieve automatic text-explanation is by
using supervision datasets [Bau | 17b; Her  22b] with fine-grained conceptual labels for
each sample. Such approaches can prove to be expensive, requiring expert annotations.
They also may not be generalizable as explanations can be dataset-specific.

In the first part of this paper, we propose Automatic Feature Explanation
using Contrasting Concepts (FALCON), a framework to explain neural features,
with no densely-labelled dataset or human intervention. We mainly study final-layer

self-supervised representations as they contain no label-bias, however, our approach

is model-agnostic and can be extended to any deep neural feature. We are also
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particularly interested in understanding final-layer representations since they alone are
accessible to downstream tasks, and their richness and quality is shown to be essential
for better generalization | ; ; |. Nevertheless, our framework is
general and can be extended to explain any layer neurons.

FALCON is described in Figures 4.1 and 4.3. For a target feature, we first compute
crops of highly activating images from a given dataset (like, ImageNet | )
based on gradient activation. We then caption each cropped image by matching
their CLIP | | image embeddings to the closest CLIP text embeddings from
a large captioning dataset (like, LAION-400m | ). We collect illustrative
captions for each image with high CLIP cosine similarity, without having to train
additional captioning models | : : : |. The next step
in FALCON is described in Figure 4.3, where we show how a compact set of shared,
human-understandable concepts are extracted from image captions using Word Score.
We define concepts as the words which closely relate to the attributes that are likely
to be encoded by the target feature, based on the set of cropped highly activating
images. Unlike prior methods (| ), FALCON is not restricted to output a
single concept since features can encode complex physical information which can
compose of multiple facets | |. We recognize, however, that top-ranking concepts
can relate to spurious attributes which may not be true descriptors for the target
feature, although the attributes exist in most of the highly activating images. Current
interpretability techniques | ; ; |, tend to produce misguided
explanations as they do not account for spuriosity and simply report the highest
scoring concept. FALCON eliminates spurious concepts by applying a contrastive
interpretation technique, where we use lowly activating (counterfactual) images for the
target feature whose concepts can be discarded. We therefore produce the minimum
sufficient set of concepts that best explain the target. We show the results of successfully

annotated features of SInCLR | | in Figure 4.2.
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In the second part of our paper, we study which features in the representation space
can be explained. We observe that individual features that are very strongly activating
for an adequate number of samples can correspond to easily detectable concepts.
However, such features constitute a very small portion of the whole representation
space. We observe that most features activate a diverse set of images where the
hidden concept is not apparent (See Figure 4.4). We discover that pairs (or groups)
of such features are surprisingly more interpretable than individual features. The
highly activating images of feature groups are strongly correlated allowing FALCON
to produce high scoring concepts. We can therefore explain a much larger portion of
the representation space with descriptive and robust concepts.

We evaluate FALCON through human evaluation on Amazon Mechanical Turk
(AMT). We show participants images and their FALCON concepts to collect ground
truths (relevant or not relevant) for each concept of each annotated feature. The
results from our study show a precision of 0.86 and recall of 0.84 for the top-5 concepts,
indicating that FALCON concepts are agreeably explanatory (See Section 4.4).

Since the extracted concepts are unique physical attributes for only the portions
that a given feature encodes, we can decompose the content of any given image
into a set of concepts corresponding to different elements (See Figure 4.5). This
helps us understand which physical components of the image have been encoded
in its representation. This is also not possible with approaches that conceptualize
entire images (like | ). We further utilize concepts to explain failures, like
mis-classifications in downstream tasks (See Figure 4.6). By discovering the most
contributing concepts in classification, we can detect what the model pays attention to
while making its prediction and communicate these in terms of human-understandable
concepts. This can help practitioners find and debug issues like hard examples,
multi-object scenarios and mis-labelled examples.

Finally, we propose an approach to transfer concepts from an explained represen-
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tation space to a new representation space by learning a simple, linear transformation.
We train a linear head that maps representations from a target (unseen) model to
the source (interpretable) model. This function lets us map any interpretable feature
(or group of features) in the source model to the corresponding feature (or group of
features) in the target model, and transfer the extracted concepts. We show that the
top activating images of the features in the new representation space, exactly match
the transferred concepts from the source representation space (See Figure 4.7).

We summarize our contributions below:

e We propose Automatic Feature Explanation using Contrasting Concepts (FAL-
CON), an interpretability framework that automatically detects concepts encoded
by any feature of image representations, without any labelled datasets or human

intervention.

e We show that representation spaces can be largely explained by interpretable

feature groups rather than independent features.

e We show that concepts can be used to explain failures in downstream tasks and
can be transferred across representation spaces with a simple linear transforma-

tion.

4.2 Automatic Feature Explanation using Contrast-

ing Concepts (FALCON)

4.2.1 Image Captioning Using CLIP

We discuss the general workflow of FALCON to explain features of vision model
representations. Let us consider a pre-trained backbone denoted by fy(-). For a given

input image x, this model outputs a representation vector of size r, i.e, fo(x) = h € R".
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Highly Activating Images

[\*‘.‘m

v

Top 5 Captions with CLIP Confidence

a closeup picture of a Bearded Calle panting - SCORE: 0.723
eup Of A Bearded Collie.... - SCORE: 0.708
up ofa Bearded Collie’s healthy, long coat - SCORE: 0.677

image of a shaggy dog 's profile with patio fumniture blurred out in the background. - SCORE: 0.664

Bearded Collie close up - SCORE: 0.652

White Shaggy Dog Mascot Costume - SCORE: 0.888
A close up of a komondor with a white corded coat - SCORE: 0.886
ile:Komondor.png - SCORE: 0.837
Komondor head Corded White Long Showing - SCORE: 0.811
A komondor participates in the annual event on February 11. - SCORE: 0.809

Komondor pup in grass - close up Stock Footage - SCORE: 0.562
The Puli: A Dreadlocked Dog from the Carpathians - SCORE: 0.53

image of a shaggy dug s profile with patio furniture blurred out in the background. - SCORE: 0.516

e Puli, Hungary's Indispensable Herd Dog - SCORE: 0.485
A c\use up 6f a Komondor with a white corded coat - SCORE: 0.437

Words containing
digits and special
characters

Lowly Activating Images

Scoring
Function

Top scoring
concepts:

WHITE-(6:37)

DOG-08:30)
SHAGGY (0.29)
COAT (0.26)

KOMONDOR (0.20)
CORDED (0.16)

Stopwords

Non-conceptual
words

Figure 4.3: Concept extraction in FALCON using contrasting concepts:
We extract a bag of words (nouns, verbs, adjectives) from the top 5 captions (from
LATON-400M [Sch 21]) of every image in the set of highly activating images of a given
feature. We use a scoring function (Equation 4.1) to extract top scoring words and
phrases which we refer to as concepts. We also apply contrastive interpretation where
we discard any concept that is extracted from the lowly activating images (mined
through Equation 4.2). In this case, “dog" and “white" are spurious concepts that exist
in both highly and lowly activating images, implying that they are not discriminative
explanations. Therefore, final set of discriminative concepts include “shaggy", “coat",
“komondor" and “corded" which are all closely related to the given image set.

Contrasting (Spurious) concepts:
DOG, WHITE

Discard Set

Feature 1643 Featu re 188 Feature 1927

Feature 763

Feature 1007
[

Images that jointly
activate both
features
(More Interpretable)

geastrum coral fungus fungus ‘mushroom,

hot air balloon, water tower

ride hroom ramaria fals |
Lowly el **No lowly
Activating ‘ J &« activating
Images N ) images

black, fruit, tree

_—
R
radio, satellite, blue green, brown anemone, sea, fish

Figure 4.4: Groups of features can be more interpretable than individual
features: In the first panel, we show the highly activating images of some features of
DINO [Car 21| representations trained on ImageNet [Rus  15b] with a ResNet-50
[He - 16] backbone. We observe that the images are highly diverse with seemingly no
shared concept, like “mushrooms" and “water towers" in feature 188. In the second
panel, we observe that images that highly activate pairs of features are significantly
more connected. The concepts that our framework extracts are strongly correlated
to each group of images. For each feature group, we use the lowly activating images
(mined from Equation 4.2) to filter out spurious concepts.
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Any downstream task only utilizes these representation vectors, therefore, our objective
is to provide human-understandable explanations for these features.

In order to explain features (different indices in h), we utilize two datasets ; 1) A
probing dataset consisting of a diverse set of images (D), and 2) A large text dataset to
extract concepts (S). In our experiments, we use ImageNet-1K | | validation
set for D and LAION-400m | | for S, however, the framework of FALCON is
general and can be used with other datasets as well.

Let us consider the task of explaining the i (0 < i < r) feature in the representation
space of a pre-trained vision model fy(-). From the probing dataset, D of size N,
we first extract the set of highly activating images for feature ¢ defined by, 7; = {j :
hji > a,1 < j < N}, where « is a threshold we empirically select (more discussed
in Section 4.3). As shown in Figure 4.1, for SimCLR | | with a ResNet-18
| | backbone, the set of highly activating images for feature 10 are images of
a certain breed of dogs. We next compute the gradient of feature ¢« with respect to
these images using GradCAM | | as shown. We crop the images keeping only
the maximally activating portions by thresholding the GradCAM mask. This set of
cropped images as well as a large scale text dataset (S) like LAION-400m, serve as
the input to a pre-trained vision-language model, i.e., CLIP (ViT-B/32) | .
LAION-400m is a large, diverse image captioning dataset which has been used to
pre-train vision-language models like CLIP.

We define the CLIP text encoder as g, (-) and image encoder as g, (-). Given our
captioning dataset (S) of size M, we extract the text embedding matrix denoted by
A € RM*F where k is the size of the CLIP text embedding space. Since our captioning
dataset is fixed for interpreting any feature, we only need to compute its embeddings
once. In fact, LAION also provides pre-computed text embeddings on CLIP which
saves compute time significantly. We next compute the image embeddings of the

cropped highly activating images of feature i denoted by B € RI7iI*# Using A and
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B, we compute the CLIP confidence matrix, which is essentially the cosine similarity
matrix, denoted by C' = BAT € RIT:*M  Note that both text and image embeddings
are L2-normalized before computing C'. Using C', we extract the top 5 captions for

each image in 7;.

4.2.2 Contrastive Concept Extraction

The second component of FALCON involves extracting concepts out of the captioned
batch of highly activating images for the given feature. In Figure 4.3, we show the
top-5 concepts for three highly activating images along with the CLIP confidence.
From each caption, we extract the noun phrases, nouns, verbs and adjectives to form
a bag of words. Verbs and adjectives are extracted to qualify complex concepts which
cannot be described with nouns alone. We remove all stop words and words containing
digits or special characters from the bag. We also prepare a discard word set including
general, non-conceptual words like “photo", “picture", “background" etc. Given a word
w, the word confidence for the p' caption in the ¢ image is given by, C%, if the

word exists in the caption, otherwise 0. We get the maximum value of Cj, for each

image (¢q). The Word Score is defined as,

[7:l
Word Score” = [l Z max Cey (4.1)
p—

Word Score gives a normalized score for every word among the captions we extract.
The best shared concepts describing a given feature ¢ are the highest ranking words,
by applying a threshold (in practice, 0.08).

Contrastive Interpretation: In practice, the above method of concept extraction
provides a number of high-scoring keywords, shared between the highly activating
images. However, in many cases, these keywords can be too general or related to

high-level spurious attributes which may be common to all the activating images but
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not necessarily relevant to the feature we want to interpret. Many existing techniques
[ : : : |, do not account for such cases and they only
report a single best scoring concept. In FALCON, we overcome this issue by discovering
images in D that share all other concepts with the highly activating images of feature
1, except the actual concepts that feature i encodes. We refer to these images as
lowly activating counterfactual images. The concepts extracted out of lowly activating
images can be regarded as spurious concepts for feature ¢ and added to the discard
set.

Let us define the set of feature indices without the index i as V; = {j: 0 < j <
r,j # i}. The mean representation of the highly activating images ignoring the "
feature can be written as h* = meany.(hz.y,) € R, The set of lowly activating

images for the target feature ¢ is given by,

Ei:{j:hji<€7hj,Vi'h#2670§j§N} (42)

where 8 and € are limits we select empirically. In our experiments, € is the mean value
of that feature across the population of normalized representations. Since (3 is used to
threshold the dot product of representations (excluding the target feature), a larger
value for § would give us true counterfactuals. We therefore select 5 to be 0.7. This
method of conditional selection gives us lowly activating images that contain all the
concepts in the highly activating image set, except the concept represented by the
i" feature. We apply FALCON (without feature cropping) to extract concepts out
of the lowly activating image set. As shown in Figure 4.3, concepts like “dog" and
“white" are in lowly activating images. These keywords can be relevant to the highly
activating image batch as well, however, they are not discriminative explanations for
that feature. Therefore, we include the concepts of lowly activating images in the

discard set and arrive at the final minimum sufficient set of concepts “shaggy", “coat",
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“komondor" and “corded".

In Figure 4.2, we show the extracted concepts from FALCON for 8 different features
of SimCLR on a ResNet-18 backbone. In cases like Feature 337, the lowly activating
images match almost all the object properties i.e, vehicle or van. However, after
extracting concepts, it becomes clear that the feature concept is the side view of
an emergency vehicle which is explained by - “ambulance" and “side". Contrastive
interpretation therefore lets us ignore generic and spurious concepts to derive a
compact set of discriminative explanations. We also compare FALCON with MILAN
[ |, a recent approach that trains a generative model on a human-annotated
fine-grained image region-caption dataset, and uses this model to generate natural
language explanations. We observe that FALCON produces more feature-specific
concepts compared to the generic high-level explanations of MILAN. We show more
annotated features (including supervised and previous-layer features) comparing with
MILAN in the Appendix (See Figures B.7, B.8). We also discuss the generalizability

of concepts to an unseen dataset like STL-10 | | (See Figure B.7).

4.3 Which Features are Explainable?

So far we discussed our method to explain individual features, given the representation
space of a pre-trained model. In this section, we understand which features in the
representation space can be considered as explainable. Let us go back to the set of
highly activating images for a given feature i, defined by 7; = {j : hj; > a,1 < j < N}.
Note that the representations are all L2-normalized. In order to extract meaningful
and generalizable shared concepts with high Word Scores, we require a sufficient
number of highly activating images. In our experiments, we select the features where
|7:| > 10. If « is large enough, we may expect the set of highly activating images to

be more connected where the feature concept is clearly detectable (See features in
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Figure 4.2).

We choose features with a strong value for o according to the distribution of
the representation space of the selected model. The features where |T;| > 10, only
comprises of roughly 20% of the representation space. See Table B.3 for this percentage
for various pre-trained models. Upon empirical inspection of the activated images, we
find that thresholding a alone, may not guarantee explainability. Some of the features
can correspond to human recognizable concepts (activating correlated images), like
the examples shown in Figure 4.2. While other features, although strongly activated
for a sufficient number of samples, correspond to very high level, abstract concepts
that are not apparent to humans. We show examples of such features in the top
panel of Figure 4.4, on DINO | | with a ResNet-50 backbone. Although these
features are activating with high «, the images are quite diverse, making it almost
impossible to decipher any shared properties. One possible way to understand such
features could be by explaining previous layer neurons in the network which may
perhaps encode higher level properties | : : : |. This
is however computationally inefficient as previous layer features may still activate
dissimilar image sets or may correspond to entirely different concepts.

In the second panel of Figure 4.4, we make a key observation; images that jointly
activate a given pair of features are significantly more related and explainable than
those of individual features. For example, visually, we cannot identify any shared
property between rockets and morel mushrooms in feature 1927 and similarly, fly
argaric mushrooms and underwater coral plants in feature 763. However, when
both feature 763 and 1927 are highly activated, the shared concepts become more
apparent, showing only morel mushroom textures. When the same feature 763 is
jointly activating with another feature like 1007, it corresponds to a totally different
concept of coral reef patterns. A similar observation has been made in | ; |.

Note that the threshold for « is the same for both individual and groups of features
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(for fair comparison in Figure 4.4), however, less rigorous « can still be used for groups
of features. By observing highly activating images for a combination of features, we
can explain a larger portion of the representation space (even by relaxing «) compared
to independent features.

Automatically discovering all interpretable feature groups: Given a model
fo(.) and a probe dataset D of N samples, we compute the top activating set of features
(group) for every sample (using « as the threshold). We save each feature group and
the indices of the samples that highly activate that group. We use the average CLIP
cosine similarity of the samples within each group to decide if a group is interpretable
or not (using a threshold, 7). A higher value for average similarity implies that the
top activating samples are similar with interpretable shared concepts. Other metrics
LPIPS | | can also be used. In Algorithm 1, we provide PyTorch-like code
highlighting the steps required for identifying all possible interpretable feature groups
in the representation space of a given model.

FALCON can be used to extract concepts out of groups of features in the same
manner as individual features, with some modifications. First, the feature crop
is calculated by taking the intersection of the gradient heat map of each feature
individually as shown in Figure 4.4. Second, the lowly activating images are mined
such that all the features in the group show low activation and the remaining features
are close to that of the highly activating representations. That is, Equation 4.2 is
updated to compute L7 where Z represents the feature group. As shown in Figure 4.4,
FALCON uses the lowly activating images to help in finding discriminative concepts
for groups of features that best explain the highly activating images.

In Appendix Section B.1, we analyze the extracted concepts across various models

(supervised and self-supervised) and discuss some key insights.
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Algorithm 1: Pytorch-like pseudocode for discovering interpretable feature
groups in a given representation space

Input: H is the set of representations (of the given model fp(.)) of N samples
in the probing dataset D,
« is a threshold for feature activation,

~ is a threshold for interpretable feature groups.
# Identify all feature groups
groups = {}
for j in range(N):
group = torch.where(h[j] > alpha)
groups [group] .append(j) # groups[group] is a list
# Filter out interpretable groups
int_groups = {}
for group in groups:
if len(groupsl[group]l) > 10:
# top activating samples for group
top_act_idx = groups[group]
clip_feat = get_clip_feat(top_act_idx)
avg_cos = torch.matmul(clip_feat, clip_feat.T).mean()
if avg_cos > gamma:
int_groups[group]l = groups[groupl
return int_groups

4.4 Evaluating Extracted Concepts

FALCON produces a simple, compact set of concepts to describe any explainable
feature in an automatic fashion without any human intervention, or densely-labelled
datasets. We performed a human study on Amazon Mechanical Turk (AMT) to
evaluate the concepts generated by FALCON and provide some quantitative metrics.
In each task, we showed the AMT participant the set of highly activating cropped
image set (Group A) and the lowly activating image set (Group B) for a target
feature and, the top 6 concepts ranked by FALCON. We asked the participant to
- identify the concepts that are related to Group A and not Group B. This lets us
assign binary ground-truth labels to each concept as 0 (not related) if it has been
chosen by at least 65% of the participants and 1 (related) otherwise. We can partition
the six FALCON concepts for each feature based on their rank such that the first K
concepts where 1 < K < 6 can be predicted as 1 (related), otherwise 0 (not related).
In Table 4.1, we plot the Precision and Recall for each K. Precision in our case
measures how many of the “related" concepts predicted by FALCON are actually

related according to our human study. Recall measures how many “related" concepts
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was FALCON able to predict among the total number of related concepts (from our
human study). We observe that the Recall improves from the 4 caption, meaning
that, the participants agree that the first 4-5 concepts are related to the given set of
images. 84.23% (precision at top-6) of all FALCON concepts are considered relevant
by our participants. This study confirms that the top ranking concepts generated by
FALCON are considered relevant and explainable among humans. We collect ground
truths for 600 concepts each from 3 participants. We measure the agreement between
participants for each feature by averaging the % overlap of the concepts selected by
each participant. The average agreement among the participants is 79%. More details
about our human study can be found in Appendix Section B.4.

Existing methods (MILAN | |, NetDissect | |) use human-annotated
datasets for natural language descriptions. Through FALCON, we automatically ex-
tract a minimal sufficient set of noise-free concepts with no human intervention. We
performed another user-study on MTurk to provide a quantitative comparison of
FALCON with MILAN and Net-Dissect. We display the highly (Group A) and lowly
(Group B) activating images for each target feature and requested the participants to
select the concept set which best describes the images in Group A but not Group B.
We tabulate the percentage of times the concept set of each framework was selected
as the best explanation in Table 4.2. FALCON performs significantly better than the

baselines in our study of 115 features.

4.5 Explaining Failure Modes in Vision Models

An interpretable representation space of a given model, allows us to decompose and
label different groups of concepts in any given image. In the previous sections, we
found that each interpretable feature (or group of features) encodes only a portion

of images that correspond to a unique concept set. Therefore, images with multiple
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Table 4.1: Precision and Recall for human evaluation of top K concepts:
Using Amazon Mechanical Turk (AMT), we ask human participants to choose the
un-related captions, among 6 top-ranking captions for each feature. We use the
annotations as ground truth labels (relevant or not relevant) and compare them to

the predictions of FALCON at different levels of K (number of predicted concepts
labelled as relevant).

C’(I)‘(r)lfz)ef){ts Precision (%) | Recall (%)
1 94.62 18.72
2 92.47 36.60
3 88.89 92.77
4 86.82 68.72
) 85.60 84.68
6 84.23 100.00

Table 4.2: Comparing explanations generated by FALCON with existing
baselines: We request participants to select the best explanation generated by the

following 3 frameworks for a given set of highly and lowly activating images. FALCON
beats other baselines by a significant amount.

% of times selected
Framework .
as best explanation
FALCON 86.40
MILAN [Her +22b] 13.47
Net-Dissect [Bau-17Db] 0.12
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Figure 4.5: Decomposing images into various concepts: We show some images
which highly activate multiple interpretable features. FALCON extracts concepts from
feature crops rather than entire images, therefore, each image can be broken down
into components, each describing a different physical attribute.
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Figure 4.6: Explaining failures in downstream tasks using concepts: Given
SimCLR [Che 20a] pre-trained on ImageNet [Rus  15b], we show some mis-classified
examples along with the most contributing concepts for their prediction. This allows
us to detect and explain concepts which contributed to a model’s decision and help us
debug model failures.

highly activating features [I<al 22|, can be decomposed into multiple components,
each representing a unique concept. We illustrate this in Figure 4.5, where we show
the feature crop of highly activating features (of SimCLR with ResNet-18) in each
image, and their corresponding physical concepts that our framework has extracted.
This is only possible because FALCON uses feature crops to discover concepts rather
than whole images (unlike CLIP-Dissect [OW?22]).

Another advantage of feature specific concepts is the ability to explain failures in
downstream tasks. It is often not obvious what led to a model’s prediction without
some qualifying explanations. Images in the real-world could contain several spurious
attributes interfering with the main content of the image. In such cases, it can be
difficult for even experts to localize the exact reason for mis-classification. Moreover,
it is often too tedious to have humans make guesses as to what could be the reason for

failures as each human can interpret images in a unique manner. With our automatic

explanation framework, FALCON, we eliminate this need for human-in-the-loop and
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can inspect grounded explanations directly.

We consider the task of classification using a linear head defined by the weight
matrix U € R°*", where o is the number of classes. The most contributing features
(and corresponding concepts) for a sample x; with prediction y;, can be given by,
argmax(h; © Uy,). In Figure 4.6, we show some mis-classified examples of SimCLR
trained on ImageNet and the most contributing concepts for each prediction. The
concepts we find add novel insight into model behavior apart from the readily available
information i.e., the image, label and prediction. They help describe the attributes
to which model paid attention while making its prediction, potentially helping us
automatically debug models at inference time.

For example, the eighth “Goose" image, looked more like an aircraft to the model,
leading to the prediction “Wing". This is an example where the model may be
spuriously associating shape (like an aircraft) and background information (like the
sky) in making its prediction, failing to identify the subtle features of geese. The
texture in the “Perfume" and Football Helmet" images is also an example of spurious
attributes. The sixth “Green Mamba" image can be regarded as a hard ezample, where
the core object is largely hidden, causing the model to focus more on concepts like
tree and branch. Explanations can also help uncover images which may have multiple
ground truths like the eleventh example of “Cinema" and “Theatre Curtain" (similar
to the images in Figure 4.5). The “Pillow" and “Hammer" images indicate that the
training paradigm of the model ignored global object information and made decisions
based on local attributes. One possible approach to improve such models relying on
spurious correlations is by fine-tuning on synthetic images generated using the relevant
FALCON concepts via methods like Stable Diffusion | |. Explanations can also

help define optimal training augmentations that could prevent spurious dependencies.
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4.6 Transferring Concepts to New Representation
Spaces

So far, we have discussed the process of feature captioning and concept extraction for
a given vision model. We hypothesize that the representations learned by different
models can be mapped from one to another. This would allow us to map the features
of an explainable representation space to any unseen representation space, without
having to re-run our explanation framework. Let us consider the representations
of a model that we have extracted concepts for, denoted by Houee € RY*". The
representation space of an unseen model can be denoted by Hygyger € RY>*7 Using a
linear head, our goal is to learn a transformation matrix Z € R"*", that transforms

Hi4rget to Hgouree, by solving the optimization,
IIlZiIl ”ZTHtarget - Hsource||2 (43)

We solve optimization by training a linear head for only 10 epochs with a learning
rate of 1, using an SGD optimizer. Once the mapping is learned, we can take any
explainable feature 7 in Hypypce, and find the features in Hy,pge; with have the highest
weights in Z. Hence, the concepts described by feature ¢ in Hypyee can be mapped to
features in Hyy, e efficiently.

We confirm that this transformation works by matching the concepts of Hygpget
to the highly activating images of Hyqrger. As shown in Figure 4.7, we successfully
map individual interpretable features in SimCLR to features in MoCo | |
which is an unseen representation space. The highly activating images in MoCo
interestingly contain all of the concepts of the source feature. Note that, features
across representation spaces need not have a 1:1 relationship. Similarly, concepts can

also correspond to compositional features (as described in Section 4.3). We do not
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Extracted Concepts in Top Activating Images in MoCo

Feature 10
shaggy, coat, komondor, corded
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Feature 56, 165
AT Feature 418, 511
car wheel, tire, hubcap
Feature 116 Feature 68, 412, 3
wild dog, brown coat, spotted 435 !
Feature 280 .
stair railing, staircase, install Feature 24
banister
_ Feature499 Feature 139, 246 | [
tenti pineapple, fruit, tropical

Figure 4.7: Transferring concepts from an explained representation space to
an unseen representation space: We show that representations of self-supervised
models can be mapped from one to another by learning a transformation Z (See
Equation 4.3). We transfer extracted concepts from SimCLR (source) [Che 204, to
an unseen model, MoCo (target) [C'he - 20b] by mapping the source features to the
target features with the highest weights in Z. We observe that the top activating
images of the mapped features in the MoCo very closely match the concepts extracted

in SimCLR.

constrain the sparsity of Z. In practice, Z is not sparse however, it can be considered
as nearly sparse where most weights are close to zero. When we discover feature maps,
we only extract the weights in Z if they are large enough (> mean + 4 x std based on
the weight distribution). If we do so, Z becomes quite sparse, indicating that some
directions in the target model can be mapped to a dedicated set of features in the
source model.

This observation of transferrability can potentially be extended to any pair of
pre-trained models (supervised or unsupervised), preventing the need to interpret
the representations of each specific model. It also gives us an important insight that
various vision models, regardless of their pre-training regime, learn mostly similar
concepts. To the best of our knowledge, ours is the first approach in the direction of

transferring explanations across model spaces.
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4.7 Conclusion

We proposed FALCON, an automatic framework to explain individual neurons in vision
models. These explanations can be utilized for classification tasks (as shown in Figure
4.6) as well as non-classification tasks like object detection and segmentation. We
show that features become more interpretable when regarded in groups and propose a
simple algorithm to discover all possible interpretable groups in a given representation
space.

FALCON utilizes three components: 1) A probe image dataset, 2) A large text
vocabulary and 3) An off-the-shelf pre-trained vision-language encoder. With FALCON
we propose a general-purpose framework, where the above components can be flexibly
customized depending on the target model we wish to investigate. The concepts
learned by the target model is governed by the data it was trained on. In order to
explain these concepts via FALCON, we choose the probe image dataset and text
vocabulary such that it is representative of the target model’s training domain and
encapsulates all the concepts learned by the target model. In our experiments, we use
FALCON with ImageNet, LAION-400M and CLIP to explain deep models pre-trained
on ImageNet-1K. These components could potentially generalize to a range of domains,
since CLIP is already pre-trained on a very large scale and LAION-400M is diverse
and expressive. FALCON can be updated to use even larger zero-shot vision-language
encoders and vocabulary, when developed in future. To deploy FALCON on target
models trained on medical images like chest x-rays, we can utilize vision-language
encoders like ConVIRT | | or MedCLIP | |, combined with expressive
vocabulary from radiology reports (ex. Mimic-cxr).

Limitations and directions for future work: Understanding how FALCON
can be applied to explain vision-language models can be an extension of our work.
Since vision-language models are trained to align representations in the vision and

language space, we could potentially learn a great deal about the model’s under-
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standing by applying FALCON directly on the vision encoder. It would however
be interesting to understand what information is represented uniquely by the text
encoder. Understanding the equivalent of localized gradient heatmaps in the language
space is still unclear and requires further research.

Supporting FALCON for non-image domains remains a topic for further research.
Another limitation of FALCON is the requirement of a pre-trained vision-language
model for the task of matching images to captions. While CLIP is trained on very
diverse data and domain-specific versions of CLIP exist, there may be target models
which are trained for uncommon tasks and data, that is unknown to CLIP. In our
transferrability example, we show that concepts extracted from one model may be
transferred to another by learning a simple linear transformation. Another important
direction for future work is to test the limits of transferrability on multi-domain setups.
For example, how do concepts learned by a model trained on painting images, transfer
to a model trained on sketch images.
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Chapter 5

Disentangling the Effects of Data
Augmentation and Format Transform

in Self-Supervised Learning of Image

Representations!

5.1 Introduction

In the fast-evolving landscape of deep learning and computer vision, self-supervised
learning has emerged as a powerful paradigm for foundation models | : |.
Its success is rooted in its ability to learn robust and generalizable representations from
unlabelled data with no supervision. Existing SSL approaches have been categorized
into two main types: generative | | and invariance-based | ; ;

; ; ; |. The latter involves joint-embedding pre-
training with two or more views of the same input data sample. To prevent joint-

embedding representations from collapsing (converge to identical representations)

'Full paper available at https://arxiv.org/abs/2312.02205. Contributing authors include
Warren Morningstar, Alex Bijamov, Luyang Liu, Karan Singhal and Philip Mansfield.
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during pre-training, it is crucial to employ stochastic augmentations like random
crop, color jitter, Gaussian blur, solarization etc. These augmentations are often
hand-crafted for specific downstream tasks and may not transfer well to other tasks
| ; |. We show evidence (Figure 5.2) that progressively adding more
hand-crafted augmentations improves downstream linear probing performance and
conversely, removing any given augmentation always hurts performance among 3
self-supervised baselines. We therefore hypothesize that increasing augmentation
diversity during pre-training allows representations to become invariant to more
nuisance concepts and could improve downstream linear probing performance.

Meanwhile, in the audio and speech domain, recent works | ; ;

| have successfully performed self-supervised learning by maximizing the
mutual information between time and frequency formats in the latent space using the
Fourier Transform and a small number of format-specific augmentations. This mode
of transformation allows us to represent the same data under different coordinates.
This is unlike hand-crafted augmentations, since the data remains unperturbed. Prior
works | ; ; ; | have utilized the Fourier space to unify multi-
domain latent spaces to benefit tasks like domain generalization and image-to-image
translation. We use the term format transform and Fourier transform interchangeably
in the context of images.

In this paper, we integrate both notions presented above. We study the effect
of incorporating augmentations in the Fourier domain of images with the goal of
increasing overall augmentation diversity. To this end, we propose a pipeline of
augmentations called Fourier Domain Augmentations (FDA) that can be applied
in the complex Fourier domain. When data after these FDAs are inverted back to
the image space, we observe that they produce unique textures and patterns, which
cannot be easily reproduced by directly perturbing the image space.

We study the combined effect of applying FDA along with standard image aug-
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mentations on pre-training state-of-the-art self-supervised baselines including SimCLR
[ |, BYOL | ], MoCov2 | | and SimSiam | | on ImageNet-1K
| |. We show an average improvement of 1% in the top-1 accuracy during
downstream linear probing. We also evaluate other downstream tasks including
few-shot learning and transfer learning and show qualitative improvements on image
retrieval with the use of FDAs.

Our results confirm our initial hypothesis of the need for augmentation diversity.
We perform ablations where we study the independent effects of augmentations in the
image space and the frequency space in a single-encoder contrastive learning setup
(SimCLR). We explore the results of maximizing agreement between two augmented
views where the augmentation can be any one of (i) standard image augmentations
(ii) Fourier-mode augmentations and (iii) the combination of both.

Finally, we examine the individual effect of using the format transform itself
disentangled from any augmentations. This experiment is to understand if self-
supervised learning can benefit from encoding images presented in multiple formats
without any augmentations i.e., the raw image and Fourier transform. To achieve
this we design a dual-encoder setup with contrastive learning where each encoder is
exposed to one modality, either raw image or Fourier image. We observe that providing
the Fourier transform as one of the views during pre-training improves linear probing
performance by 16% compared to raw image pre-training in lieu of any augmentations.
We further explore the benefit of augmentations (both image and frequency) in this
dual-encoder setup. Across all ablations, we observe that combining image and FDA

while pre-training in the image domain results in the best downstream performance.
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Figure 5.1: Diversifying image augmentations with Fourier Domain Aug-
mentations (FDA): We show the pipeline of applying Fourier Mode Augmentations
integrated with standard image augmentations like random cropping, color jitter,
grayscale etc. We use RFFT2D (available in PyTorch and TensorFlow) to transform
a random resized crop image into the Fourier space. Here, we stochastically apply
amplitude rescale, phase-shift, random frequency mask and Gaussian mixture mask
which together constitute Fourier Domain Augmentations (FDA). The remaining
image augmentations are applied after inverting the augmented Fourier spectrum back
to the image space using iRFFT2D.
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5.2 Background

Self-Supervised Learning is a powerful approach of learning representations from
large amounts of data without the use of labels. Learned representations can later
be used for downstream tasks [Bal 23] directly or with inexpensive fine-tuning.
Representations are learned by solving pretext tasks which can involve predicting
simple transformations on a given image like rotations [GSI18], jigsaw [NF16] or
color [ZIF16]. However, more successful self-supervised approaches involve joint-
embedding methods which force latent space similarity between multiple augmented
views of the same image sample. This can be achieved via contrastive or InfoNCE
loss [OLV18; Che 20a; Che ' 20b; CH21], self-distillation [Oqu - 23; Gri 20] or by
redundancy reduction in the latent space [Zbo ' 21bh; Car 20a]. Regardless of the
training paradigm, all joint-embedding methods rely on powerful data augmentations
to control the degree of invariance beneficial for downstream tasks.
Augmentations in Self-Supervised Learning engender invariances which in

turn introduce good inductive biases for downstream tasks [[XGH21b; PG20]. However,
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for any given downstream task, specific augmentations may be better suited over others
[ ; |. This property tends to restrict the generalization capability
of many self-supervised models as using an inappropriate set of augmentations can
significantly hurt downstream performance. Therefore, a standard protocol followed
by most self-supervised approaches is to identify optimal augmentations for best
downstream linear probing performance on ImageNet-1K.

Fourier-based Methods in Audio: Self-Supervised learning has shown success
in the audio/speech domain | : | in predicting embeddings of future
audio samples from a sequence of prior embeddings, by comparing with a context
embedding derived from the sequence. Recently, Wang et. al | | have extended
these results by directly comparing two augmented versions of a given audio sample
rather than utilizing a context embedding. In their work one version of the audio
sample is in the time-domain format, with augmentations directly applied to the
waveform, while the other has been Fourier-transformed into the frequency-domain,
with augmentations applied to the spectrogram. Encoders for the two formats are
simultaneously trained so that their output embedding vectors align when they arise
from the same data source. Specifically, time-domain augmentations involve masking
(removing) some time intervals and adding noise. Frequency-domain augmentations
involve masking (removing) some frequency intervals and shifting all frequencies
by an integer constant. | | also did contrastive learning on representations
of two different signal formats; namely a waveform (not necessarily audio), and a
scaleogram arising from a wavelet transform. However, no data augmentations were
explored in that work. | | train a joint time-frequency representation, where
self-supervision is implemented by penalizing the distance between a signal’s time and
frequency representations, each pretrained contrastively.

The contrasting of multiple formats (raw and frequency) of the same input is

especially interesting even in the image space, as it potentially allows generating rich
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embeddings that encode both modalities. To the best of our knowledge, no analysis
has been done of the separate and combined effects of Fourier space augmentations
and image augmentations. Moreover, neither augmentations in the Fourier space nor
the direct use of Fourier space in self-supervision have been properly explored on
image data for vision models.
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Figure 5.2: Augmentation Diversity: We display commonly used hand-crafted
augmentations for self-supervised learning in the top panel. We demonstrate the effect
of increasing diversity in pre-training augmentations (bottom, left plot) and removing
individual augmentations (bottom, right plot). The best performance is retained when
all given augmentations are used in 3 baselines.

5.3 Importance of Diversity in Pre-Training Augmen-

tations

In this section, we illustrate the strong dependence that joint-embedding self-supervised
models have on pre-training augmentations. We hypothesize that each augmentation
tackles a specific type of invariance. Depending on the downstream task, a model’s
generalization power can be improved by enforcing invariance to physical properties
irrelevant to the ground truth [EGH21b; PG20; Tia ' 20a]. The standard set of

augmentations used by self-supervised models are - random cropping and resizing,
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horizontal flip, color jittering, grayscale, Gaussian blurring and solarization. We display
an example of these augmentations in Figure 5.2 (top panel). These augmentations
have been hand-crafted to show competitive performance in downstream classification,
particularly on ImageNet-1K.

In Figure 5.2 (bottom left plot), we show the effect of progressively adding individ-
ual augmentations while pre-training SimCLR, BYOL and MoCov2 on ImageNet-1K
and measuring the linear probing accuracy. Each baseline demonstrates the best per-
formance when all of the above augmentations are used. This result supports our claim
of diversity playing an important role in producing easily classifiable representations.

While the diversity of augmentations is necessary, it is also important that each
augmentation attacks specific invariances. In Figure 5.2 (bottom, right plot), we show
the impact of removing individual augmentations while maintaining the rest. Each
model shows a drop in performance when any of the augmentations are removed.
Among these, removing random cropping shows the strongest reduction in performance
(followed by grayscale) compared to the baselines which retain all augmentations.

It is important to note that regardless of the pre-training paradigm, self-supervised
models only demonstrate state-of-the-art performance when all of the above aug-
mentations are used. As more augmentations are incorporated during pre-training,
the downstream performance steadily improves. This begs the question - can we
additionally incorporate new augmentations to further improve linear classification
performance? While most of the proposed augmentation strategies | ; ;

; | perturb the image directly, we shift the focus to leverage the format
transform of images to incorporate new information and invariances. We first explore
these benefits by augmenting the Fourier spectrum and returning to the image space
via an inverse transform. We then explore utilizing the Fourier spectrum directly in

joint-embedding pre-training to study its independent effect.
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Figure 5.3: Fourier Domain Augmentations (FDA): We illustrate the result of
applying each augmentation in FDA when inverted back into the image domain -
amplitude rescale, phase shift, random frequency mask, Gaussian mixture mask. We
vary the strength using augmentation-specific hyper-parameters m,n,p, q, k, o (see
Section 5.4). We tune these hyper-parameters (no training required) such that images
are perturbed sufficiently without hiding the core ground-truth attributes.

5.4 Fourier Domain Augmentations (FDA)

The Discrete Fourier Transform of a single-channel 2-dimensional image x € R7*W is
given by,
H-1W-1
= e 2milautivy) Thaw (5.1)
h=0 w=0

where, u = {0...H — 1} and v = {0..W — 1}. The Fourier transform can be
applied over every image channel (RGB). Both F and F ! can be computed efficiently
using the Fast Fourier Transform algorithm [BMG7]. Since the FFT of a real signal
is Hermitian-symmetric, we use the RFFT2D operation (provided by PyTorch and
TensorFlow), which provides only the positive frequency terms to avoid redundancy.

Let f denote the complex-valued Fourier spectrum of the image x (Equation 5.1).
The real and imaginary components of f are denoted by R(f) = A(f) cos P(f) and
Z(f) = A(f) sin P(f) respectively where, A(f) is the amplitude and P(f) is the phase
of the spectrum. Conversely, A(f) = \/R2(f) + Z2(f), and P(f) = atan2 (Z(f), R(f)).

The Fourier spectrum provides a number of unique insights into the image signal.
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A well-known and often exploited property | ; ; : | is that the
amplitude represents low-level statistics and superficial patterns in the image while
the phase preserves structural and semantic information. Traditional image processing
techniques | | involved using a circular kernel mask on the Fourier spectrum
to turn off high-frequency modes (low-pass filter) to create a blurring effect, after
inverting back to the image space (F!). On the other hand, turning off low-frequency
modes (high-pass filter) creates a sharpening effect. Inverting the Fourier spectrum
back to the image space lets us apply our method as new augmentations in addition to
standard image augmentations and does not require us to re-define the self-supervised
training pipeline. In Section 5.6, we study disentangle the effect of format transform
and augmentations with the use of a designated image encoder and frequency encoder
where we directly encode Fourier input (f) into representations.

We propose the following general-purpose format transformations that perturb
different properties in the Fourier spectrum, producing unique augmentations when

inverted back to the image space.

e Amplitude Re-scale: We prepare a uniform noise vector p € R¥*W within a
range [m,n) where, m,n > 0 (selected empirically). We multiply this noise with

the amplitude of the spectrum,

A randomly sampled noise is applied to each channel of the FFT of the 3-channel
image. When this augmentation is inverted to the image domain (F~!), it results

in non-uniform perturbations to the image color scope.

e Phase Shift: We randomly sample a constant shifting factor 6 € R within

the range [p, q) where, p,q > 0 (selected empirically). The phase is shifted as
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follows,

This transform brings about a movement effect in the image wherein certain

high-frequency attributes are brightened.

¢ Random Frequency Mask: We define a binary mask h, commonly across
all channels where k% of frequencies are set to 0. We also ensure that the zero
frequency mode (hgp) is always enabled so that semantic information is largely

retained.

f=foh

This transform randomly turns off both high and low frequency modes across all
channels. This preserves the color scope but results in a unique cloudy texture

non-uniformly applied across the image.

e Gaussian Mixture Mask: Unlike, low-pass and high-pass filters which apply
a single circular kernel at the center of the spectrum, we propose a more general
form of frequency-band masking. We prepare a Gaussian Mixture Mask with a
randomly sampled set of origins, ¢ € R°*? and standard deviations, o € R°*2.

We draw a 2D Gaussian kernel around each origin given by,

G(u,v,c,0) = exp — <(U —00)?  (v— 01)2)

202 203
An illustration of the resulting mask is shown in Figure 5.1. This method flexibly
masks low and high frequencies and the resulting images show unique textures

containing both blurred and sharpened artifacts.

Figure 5.3 illustrates each proposed augmentation on a common set of images. We
vary the strength of each augmentation via their respective hyperparameters (including

m,n,p,q,k,o0). Each augmentation’s strength can be tuned such that it introduces
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Table 5.1: ImageNet-1K Pre-Training with FDA: We report the linear probing
top-1 accuracy of 4 self-supervised baselines pre-trained on ImageNet-1K. When FDA
is applied in addition to standard image augmentations, we observe ~ 1% improvement
in performance across all models. We report the mean and standard deviation across
3 random seeds.

Top-1 Accuracy - ImageNet-1K
SimCLR ‘ BYOL ‘ MoCo v2 ‘ SimSiam

Baseline 69.2 (0.3) | 74.3 (0.5) | 71.7 (0.7) | 73.7 (0.2)
+ FDA (Ours) | 70.5 (0.1) | 74.7 (0.6) | 73.0 (0.4) | 74.3 (0.5)

sufficient invariance but does not obfuscate the main content of the image relevant to
the ground truth (in the downstream task). More importantly, we confirm this effect
when each augmentation is used together with other FDA or image augmentations.
Note that this is a subjective process involving visual examination of images. Due
to resource constraints, we apply the same set of augmentation parameters for all
our experiments (detailed in the Appendix) however, these can be further tuned for
each specific baseline. In the next section, we perform pre-training experiments on a
combination of both FDA and image augmentations following the pipeline illustrated

in Figure 5.1.

5.5 Experimental Results

5.5.1 Experimental Setup

We examine 4 self-supervised baselines including SimCLR | ], MoCov2 |

BYOL | | and SimSiam | |. Our TensorFlow | | implementation
replicates the training paradigms of each model including their encoder architecture
(projector, predictor, momentum encoder etc.), loss, learning rate scheduling (cosine
anneal) and optimizer (LARS | |). More details about training detailed in the
Appendix. We use the ResNet-50 | | backbone for all our experiments. To be

consistent, we apply the following image augmentations across all baselines - random
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resized crop, color jitter, horizontal flip, Gaussian blur, grayscale and solarize. Within
this augmentation pipeline, we incorporate our Fourier Domain Augmentations (FDA)
as shown in Figure 5.1. All other training details and hyper-parameters are mentioned
in the Appendix. SimCLR follows a single-encoder setup while MoCo, BYOL and
SimSiam use a dual-encoder setup where one of the encoders is used for downstream
tasks. We find that applying FDA to only the left view (left encoder is used for
downstream tasks) in addition to existing image augmentations provides the best
results as opposed to applying on both views. We perform standard linear probing for

evaluation where we train a linear classifier on frozen pre-trained representations.

5.5.2 ImageNet Pre-Training

We pre-train SimCLR, BYOL, MoCov2 and SimSiam on ImageNet-1K | |
by further diversifying the left view image augmentations with FDA. In Table 5.1,
we summarize the linear probing top-1 accuracy for each model compared to their
baselines which do not use FDA. We observe that FDA shows as average improvement
of ~ 1% with the highest improvement in MoCo v2 of 1.3%. Recall Figure 5.2
where we demonstrated the steady improvement in downstream performance as more
augmentations are added. Our improvements with FDA solidifies our initial claims

about the importance of diversity.

5.5.3 Transfer and Few-Shot Learning

We perform few-shot and transfer learning on the above frozen ImageNet pre-trained
self-supervised baselines. In the few-shot setup, we apply 5-shot and 10-shot learning
regimes where the training set contains 5 or 10 images per label respectively. We
test for transfer learning on iNaturalist (5089 classes) | |, DomainNet Painting
(345 classes) | |, Food101 (101 classes) | | and Places365 (400 classes)

[ |. We observe that pre-training with FDA largely benefits both few-shot
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Table 5.2: Transfer and few-shot learning with FDA pre-trained encoders:
We evaluate the few-shot (5-shot, 10-shot) and transfer learning performance on the
frozen encoder from Table 5.1. We observe that baselines pre-trained with FDA

improve the top-1 accuracy over most setups.
‘ ImageNet (5-shot) ‘ ImageNet (10-shot) ‘ iNaturalist ‘ DomainNet (Painting) ‘ Food101 ‘ Places365 ‘ Average

SimCLR 38.2 45.6 45.9 61.8 73.7 50.4 52.6
+ FDA 39.3 46.6 47.7 63.6 74.4 51.0 53.8
BYOL 47.5 54.2 52.4 67.1 77.0 50.6 58.1
+ FDA 47.6 53.7 52.5 68.0 76.7 51.1 58.3
MoCo v2 43.5 51.4 46.7 63.9 75.4 51.1 55.3
+ FDA 43.8 52.8 48.6 64.0 76.8 51.9 56.2
SimSiam 46.2 53.3 51.5 66.7 76.5 50.3 57.4
+ FDA 46.2 53.5 52.7 67.3 76.7 50.1 57.8

and transfer learning tasks across all baselines. We observe the highest average

improvement in MoCo.

5.5.4 Image Retrieval on Transfer Datasets

We also employ image retrieval as a qualitative evaluator of the learned representations.
Given a query image, we retrieve the top-4 nearest neighbours in the representation
space using cosine similarity as the distance metric. Specifically, given a sample x we
retrieve arg max4, % from the dataset. In Figure 5.4, we display these results on
5 query images each from the test set of iNaturalist and DomainNet and compare the
retrieved neighbours between MoCov2 baseline and MoCov2 trained with FDA on
ImageNet-1K. The objective of this experiment is that the nearest neighbours should
closely match the semantics of the retrieved images. This property is upheld in some
FDA trained MoCo examples like the ice cream, teapot and woman with suitcase in

DomainNet.
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Figure 5.4: Image retrieval: We test the image retrieval quality of vanilla MoCov2
and MoCov2 pre-trained with FDA on ImageNet on transfer datasets, iNaturalist and
DomainNet. We observe that the top retrieved images in MoCo FMA visibly match
the semantics of the query image better.

Table 5.3: Disentangling the effect of FDA and image augmentations: In a
single-encoder contrastive learning setup, we ablate between the pair of augmentations
used going from x (no augmentations) to A, (F 1 (Apreq(f))) (FDA + image augmen-
tations). Here A;,(.) denotes the image augmentations (random crop, color jitter, blur
etc.) and Ageq(.) denotes FDA transforms we propose (amplitude rescale, phase shift
etc.). We observe the best performance when using FDA + image augmentations one
view and image augmentations alone in the second view. All setups are pre-trained
on ImageNet-1K and we report the linear probing top-1 accuracy.

Augmentation Left Vlew
x | Aim (%) | F (Apreq(£)) | Ain(F ! (Afreq(£)))
X 1.5 68.6 34.7 69.6
. . Aim(x) 69.2 (SimCLR baseline) 68.8 70.5
Right View (A gr(£) 38.9 67.8
Ain(F ! (Apreg(£))) 70.4
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5.6 Disentangling the Effects of Augmentation and
Format Transform

We showed that pre-training state-of-the-art self-supervised baselines with FDA
and standard image augmentations improves the linear classification performance of
ImageNet-1K, its few-shot variants and various transfer learning datasets. This also
confirms our initial hypothesis that more diverse augmentations ultimately benefit
downstream tasks. However, a key aspect of our method is the utilization of the
Fourier domain to introduce further diversity. Recall, our method involves multiple
stages of transformations over a given image i.e., (i) The format transform (via FFT
operation F) (ii) Fourier Domain Augmentations (FDA) (iii) Inverse FFT operation to
return to the image space (F ') (iv) Standard image augmentations like color jittering,
blur, grayscale etc. Therefore, it is essential to study the the effect of each operation
independently to properly attribute the improvement in downstream performance.
We represent the raw input image as x and its Fourier transform F(x) as f. We
define the standard image augmentations, such as random crop, jitter, blur, as a
function A;,(.) and the FDAs as Ay,¢,(.). We train SimCLR in a single-encoder setup
with a contrastive loss and various combinations of augmented views on ImageNet-1K.
SimCLR uses the InfoNCE | | objective to learn image representations. For
every query sample, we maximize its similarity in the latent space with one positive
view of the same sample and minimize the similarity with the remaining samples in

the batch. The objective is as follows,

exp (sim(A(x;), A(x;))/T)

max log —x - (5.2)
2 j=o Lizj exp (sim(A(x;), A(x;))/7)
where sim(a,b) = ”aa”Tﬁ and A(.) is the stochastically applied set of augmenta-

tions. In Table 5.3, we test different pairs of augmentations between the positive
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Table 5.4: Sequence of augmentations: We follow the sequence of augmentations
illustrated in Figure 5.1 where we apply FDA before any of the image augmentations
(except random crop which is applied first). In this table, we test to see if applying
FDA after image augmentations is beneficial. We observe comparable performance in
both setups (on SimCLR pre-trained on ImageNet-1K).

Left View
A (F (Agreq(£))) | F (Apreg(F(Ain(x))))
| Right View | A;,(x) || 70.5 \ 70.4 \

Augmentation

views including, (i) x: un-augmented and center-cropped image, (ii) Ay, (x), (iii)
F Y Apreq(f)): FDA applied in the Fourier space and inverted back to the image
space, (1v) Ajn(F 1 (Afe(f))): standard image augmentations applied on top of
inverted FDA image. Due to the single-encoder contrastive learning setup, we present
the results as an upper triangular matrix as swapping the views does not alter the
overall objective.

We follow the SimCLR ImageNet-1K setup including the architecture, learning
rate, scheduling, loss and optimizer. We define a naive baseline as the setup that uses
a pair of raw un-augmented views (x). The use of large batch sizes allows the model
to contrast with a sufficient number of negative views, preventing collapse i.e., when
all representations are identical. Nevertheless, this model achieves a low performance
of 1.48% as lack of augmentations inhibits the learning of informative representations.
Keeping the right view un-augmented, we next experiment with different View 1
augmentations (first row in Table 5.3). We observe significant improvements with
both FDA (34.7%) and standard augmentations (68.6%) applied individually, but the
performance gains are highest when they are used together (69.6%). Applying both
augmentations to a single view also outperforms all methods which apply individual
augmentations to both views. A similar trend is seen in the second row when we
apply standard image augmentations to the right view. While we find that standard
augmentations outperform FDA when applied individually, we attribute this mainly to

the use of random cropping in standard augmentations, which significantly improves
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their performance (from 40% to 69%).

As applying FDA in conjunction with image augmentations gives the best result,
we next ablate how the order of FDA and image augmentations sequence affects
the accuracy. In all previous experiments, we apply FDA before any other image
augmentations (except random crop) following the sequence in Figure 5.1. In Table 5.4
we reverse this order and apply FDA after traditional image augmentations. Formally,
this can be defined as F 1 (A e (F(Aim(x)))). We observe a comparable performance

in SimCLR ImageNet-1K with this image-augmentation-first strategy.

5.6.1 The Effect of Format Transform

We next disentangle the effect of using the Fourier transform (f) directly as input
to the self-supervised encoder. This experiment explores if we can produce better
representations from input expressed in multiple formats (image and frequency) similar
to the approach discussed in | |. Since the Fourier spectrum of an image is
complex-valued, it cannot be directly supplied to an image encoder. We therefore
convert it to a real-valued 3 channel by re-scaling the spectrum to bring the values
between [0, 1] (same as image input). Since the RFFT2D output is of half the width
(€ RHEXW/2x3) a5 the image, we interleave the real and imaginary components such
that the resulting frequency image is the same shape as that of the image (€ R#>*W>3),
This procedure is available in our code.

Format transforms represent the information in frequency coordinates, which are
incompatible with the image coordinate system. We therefore deploy a two-encoder
setup where the first encoder g;,,(.) (left) only takes image input and the second
Gfreq(.) (right) only takes frequency input. The two encoders do not share any weights
and are trained independently. The representations of g;,,(.) are used for downstream
tasks. We maximize agreement in the latent space using the standard InfoNCE loss

described in Equation 5.2. Figure 5.5 illustrates this two-encoder setup.
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Figure 5.5: Dual-encoder setup for multi-format contrastive learning: To
disentangle the effect of the format transform, we design a two-encoder setup where
the left encoder g;,(.) encodes the image view and the right encoder gy,.,(.) encodes
the Fourier transform of the same view. Format-specific augmentations are applied
to both views. Both encoders are trained independently (no shared weights) and are
aligned in latent space via contrastive loss.

Note that our goal is to disentangle format transforms from augmentations. We
take the naive baseline that uses two raw un-augmented views ((x,x) single encoder
setup) and substitute the right view with the frequency image and train under the
dual encoder regime (Figure 5.5). In Table 5.5, we present an interesting finding
where contrasting raw image and frequency (x, f) results in 17.5% top-1 accuracy on
ImageNet pre-training which is a 16% improvement over the raw baseline of 1.5%.
Keeping the left view un-augmented, we augment the right view (i) in the frequency
space (Afeq(f)) which improves the performance to 20.6% and (ii) in the image space
before applying Fourier transform (F(A;,(x))) which improves the performance to
48.8%.

Next, we augment the left view (A;,(x)) and contrast against the set of frequency
space right views. We do not observe improved performance with format transforms

in this scenario. In fact, the performance degrades further when the frequency view

is augmented. We hypothesize that this behavior may be caused by our choice of
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Table 5.5: Disentangling the effect of format transform: We examine the effect
of contrasting image and frequency views using the dual-encoder setup outlined in
Figure 5.5 (cells highlighted in blue). We compare this against the single-encoder
setup which uses both image views (first row). When the left image is not augmented,
we observe noticeable improvements with format transform (and augmentations) in the
right view. We do not observe similar improvements when the left image is augmented.

. Left View
Augmentation < ‘ A (%)
X 1.5 68.6
. . f 175 | 63.3
Right View |, @) | 206 624
F(Aim(x)) || 48.8 | 59.0

architecture for the frequency encoder i.e., ResNet (ConvNets). The translation
equivariance property of convolutional neural networks that applies to real images,
need not directly transfer to frequency images. The improvements we observe from the
format transform in lieu of image augmentations in the left view are still non-trivial,

opening a new direction for further research.

5.7 Discussion

We examined the need for diverse augmentations in self-supervised pre-training and
proposed Frequency-Domain Augmentations (FDA) to introduce further diversity by
tapping into the format transform of the image. FDA, when used in conjunction
with image augmentations, showed improved performance on ImageNet-1K top-1
accuracy on 4 baselines - SInCLR, BYOL, MoCov2 and SimSiam. We also showed
improvements in transfer learning, few-shot learning and image retrieval. We studied
the disentangled effect of format transform using a dual-encoder setup with a dedicated
frequency encoder. When no augmentations are used, we observed a 16% improvement
in performance with the use of format transform in one view as compared to images
in both views. Pre-training with the format transform improves over raw images,

however, the best performance is still seen in the image space through diverse Fourier
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(FDA) and image augmentations. Our findings open several questions for further
research — (i) What are better methods to utilize and encode the format transform and
FDA without requiring to invert back into the image space?, (ii) How can complex
Fourier input be better structured to feed through real valued encoders?, (iii) How does

FDA behave in specialized domains that are not real images (e.g., medical scans).
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Chapter 6

Understanding the Effect of using
Semantically Meaningful Tokens for

Visual Representation Learning'

6.1 Introduction

Vision transformers (ViTs) | ; ; | have emerged as a ground-
breaking innovation in the field of computer vision, leveraging the power of transformer
architectures | | to process and interpret visual data. They also have shown
unprecendented performance in multi-modal setups | : : : :

| where vision and language data are aligned for downstream retrieval, question-
answering, captioning and other tasks. Tokenization is a key feature of transformers
where the input is split into small chunks which are converted into vectors and then
processed by the model. Text sentences (in the English language) is generally tokenized

into words. Image data for ViTs is generally split into a grid of equally sized patches

'Full paper available at https://arxiv.org/abs/2405.16401. Contributing authors include
Priyatham Kattakinda, Arman Zarei, Nikita Seleznev, Samuel Sharpe, Senthil Kumar and Soheil
Feizi.
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and then flattened into a sequence. Although this practice is widely accepted, we
propose a different approach to patchifying which attempts to capture more high-level
semantic information in patches.

Using off-the-shelf segmentation and scene-graph generation techniques, we extract
panoptic segmentation mask embeddings of all objects a given image and CLIP
[ | text embeddings of the actions or relationships between them. We call the
object embeddings as tangible tokens since these are visible in the image and the
relationship embeddings as the intangible tokens since these are not visible but are
still observable. Both sets of tokens have independent semantic meaning, similar to
words in a sentence but unlike equal-sized patches in ViTs. We also extract other
metadata including image features, [subject, object, predicate| triplets and K-nearest
neighbors in the image for each object. This metadata helps us capture both directional
relationship and relative position information for complete visual comprehension.

We demonstrate a proof-of-concept that applies such semantically-meaningful
tokens in visual representation learning and study its potential. We train a transformer
model (called Visual Token Encoder) on the set extracted tokens of the COCO | ]
dataset. We apply an additive attention mechanism using the relational and structural
information from the metadata, ranked by importance. The learned image embeddings
are contrastively aligned with the COCO caption embeddings from the CLIP text
encoder which is fine-tuned alongside our model. We compare our method with 2
other vision-language pre-training setups which follow the same training regime as
ours but the image-side encoder is replaced with (i) A ViT (randomly-initialized) or
(ii) The CLIP image encoder (fine-tuned) and trained directly on COCO images.

Our experiments show that our tokenization process significantly improves rep-
resentation quality, resulting in a 47% improvement in text-to-image retrieval over
a ViT and 9% over CLIP (fine-tuned) on the COCO validation split. Moreover, we

show improved compositional reasoning capabilities of the learned image representa-
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Figure 6.1: Training with meaningful visual tokens: We present a framework
that uses off-the-shelf segmentation and relation extraction models to prepare a set
of tangible tokens (V) and intangible tokens (U) for any arbitrary image, along with
directional semantic relationships between them. These tokens and image features (1)
are then passed as input to our visual token encoder (f(.)). We utilize the semantic
relation (£) and relative location (N) information of all tokens to compute additive
attention weights, ranked by importance. The learned image embeddings (s) are
contrastively aligned with the text embeddings (t) of the CLIP text encoder (g(.)),
which is simultaneously fine-tuned with our model.

tions by exploring the ARO [Yuk ' 23] and Winoground [Thr  22] benchmarks. Our
Visual Token Encoder outperforms the ViT by 18% on ARO and 9% on Winoground.
These results indicate a promising angle for upcoming research - to re-think better
encoder architectures that encapsulate high-level, semantic entities for improved visual

understanding.

6.2 Related Work

Transformers and ViTs. Transformers [Vas 23] have revolutionized the field of
natural language processing and have been increasingly applied to computer vision
tasks. The self-attention mechanism in transformers enables the model to capture

long-range dependencies, making them highly effective for various applications. Vision
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Transformers (ViTs) | | introduced the concept of patching, where an image is
divided into fixed-size patches, and these patches are treated as tokens similar to words
in NLP tasks. This patching approach allows transformers to process images efficiently,
leveraging their powerful attention mechanisms. However, ViTs often struggle with
computational efficiency and local feature extraction. Subsequent ViT variants, such
as Swin Transformers | |, have introduced hierarchical structures that enhance
the model’s ability to capture multi-scale features. These hierarchical transformers
divide the image into non-overlapping windows and compute self-attention within

each window, allowing for better handling of larger images and more detailed features.

Large-Scale Image Segmentation. In the realm of large-scale image segmentation,
several prominent models have made significant strides in addressing complex visual
tasks. Among these, the Segment Anything Model (SAM) | | and Segment Ev-
erything Everywhere All At Once (SEEM) | | stand out due to their innovative
approaches. These models excel at dividing an image into different components and
parts, enabling detailed analysis and interpretation of complex scenes by segmenting
and categorizing each visual element distinctly. Building on their innovative frame-
works, they are adept at performing a variety of segmentation tasks, including semantic

segmentation | |, panoptic segmentation | |, and instance segmentation

[ |

Architectural Improvements. To enhance understanding of complex images and
processing them more efficiently, various methods have explored novel techniques.
[ | introduced Vision GNN (ViG), which models images as graphs by treating
patches as nodes and their relationships as edges, effectively capturing complex struc-
tures and spatial relationships within images, thus outperforming traditional CNNs and
transformers on some benchmarks. In another approach, | | presented Groma,

a Multimodal Large Language Model (MLLM) utilizing localized visual tokenization
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to handle region-level tasks effectively, demonstrating superior performance on COCO
[ | and Visual Genome benchmarks by efficiently grounding textual outputs
to specific image regions. | | proposed the Deformable Multi-Head Attention
(DMHA) module in the Deformable Attention Transformer (DAT), which dynamically
allocates key and value pairs to relevant regions, enhancing representation power while
reducing computational overhead, achieving state-of-the-art results on benchmarks
like ImageNet | ], MS-COCO | |, and ADE20K | |. Additionally,
[ | introduced the Deformable Patch-based Transformer (DPT), featuring a De-
formable Patch (DePatch) module that dynamically adjusts patch positions and scales
to preserve local structures and semantic integrity, thereby significantly improving

performance in image classification and object detection tasks.

6.3 Re-thinking Tokenization in Vision Transformers

Text: Given a text corpus, tokenizers are typically constructed to concisely represent
the text by capturing the sentences with as few tokens as possible while maintaining
meaningful information. A simple yet effective practice to tokenize is, by splitting a
given sentence into constituent words using delimiting characters like spaces, periods,
commas, etc. This results in words that have semantic (sometimes physical) meaning
when considered independently as well as in the sentence context. In Figure 6.2, we
show an example of the sentence A scenic view of the sea with a dog in front and
tokenize it into words such as a, scenic, view, of, the, sea, etc. In majority of written
languages (including English) humans are conditioned to read a sentence word by
word (right to left or left to right depending on the language). As we read each word,
we associate that word with its meaning and simultaneously deduce the meaning of
the sentence. The design of transformers and tokenization therefore makes intuitive

sense as it closely mimics how humans process sentences.
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Image: Visual tokenizers (in ViTs), on the other hand, treat images as a grid of
patches, which are then flattened into a sequence and processed with several multi-
head attention layers. Specifically, an image of size 224 x 224 is divided into small,
equally-sized patches (say 16 x 16), resulting in 196 patches or tokens which are
processed as if they were a sequence. This process of tokenization was adapted from
transformers for text data. But unlike text data, each visual token (or patch) does not
always have independent semantic meaning. This is illustrated in Figure 6.2, where
tokens 3, 4, 13, and 16, when examined independently, have ambiguous semantic and
physical meaning. For example, token 3 and 4 can be associated with a blue marble
stone, and 16 can be associated with brushed metal. Each token needs to be studied
in the context of the surrounding tokens or the entire image to be associated with a
physical meaning. Therefore, there is a fundamental difference in the significance of
text tokens and visual tokens although they are processed by transformer architectures
in almost identical manners.

An alternative approach is to divide up the image into larger entities that each
have independent physical meaning. Each of these entities possesses several observable
constituent attributes. For example, in Figure 6.2, we have sky, mountain, grass, sea,
dog, etc., where the grass is green with small yellow flowers and the mountain is rocky
with alpine trees. Apart from these physical entities, we also draw several conclusions
that are not necessarily associated with tangible (or visible) concepts. For example,
the sea is in front of the mountain, the dog is sitting on the rock, and the rock lies
on the grass. Both sets of entities, tangible and intangible, play a vital role in fully
comprehending the image.

Our observation leads us to propose a set of modifications to the transformer
architecture so that images are tokenized and processed in a more semantically
meaningful way. In the next section, we define tangible and intangible tokens and

describe how these can be extracted for any given image using off-the-shelf models.
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Figure 6.2: Processing of text vs image data: In this simple illustration, we
demonstrate the notable difference in how text and visual data are processed by
humans and transformers. Humans are capable of deciphering larger concepts from
images (both tangible and intangible), where each concept has independent semantic
meaning.
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We hypothesize that this tokenization strategy facilitates the transformer’s ability
to process and reason about the various objects and their interrelationships, as each
high-level visual entity is represented as an individual token readily accessible to the

transformer.

6.4 Approach

6.4.1 Using Off-the-shelf Models to Extract Visual Tokens

Let’s consider a real-world image x which may contain several entities, both in the
foreground and background. We define the set of tangible entities (tokens) as V. V
may include several items of varying sizes, ranging from small details like the coffee
cup in Figure 6.3 to much larger entities like the trees in the background. As discussed
in Section 6.3, there are several observable components in the image that cannot be
localized. These entities usually correspond to actions or relationships among objects
in the scene. We denote this set of intangible entities (tokens) as U.

We utilize an off-the-shelf instance segmentation model titled Segment Everything

Everywhere All At Once (SEEM) [Zou | 23] to extract mask embeddings of all the
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tangible tokens V = vy, vs, ..., v,. These mask embeddings are outputs from an X-
Decoder head | | which encode both localization and object-related information.
We set a threshold on the instance segmentation scores to 0.9 to select only high-scoring
detections. We hypothesize that these mask embeddings capture visual information
of the corresponding objects within the context of the given image more effectively
than extracting separate embeddings for each bounding box using off-the-shelf image
encoders like DINO | | or CLIP | ].

In addition to V, we also extract global image features (1) computed by the
segmenter. SEEM, like most segmentation models, follows a U-Net | | design
which contracts and expands the image input to result in localized bounding boxes
and masks. We therefore collect 2-D average pooled image features at each layer and
finally concatenate the resulting vectors.

Next, we extract the set of intangible tokens U using the Relate-Anything Model
(RAM). RAM is built on the Segment-Anything Model (SAM) | | and is trained
on the Panoptic Scene Graph Generation dataset (PSG) | | to reason about
relationships between any two arbitrary object masks provided with an input image.
After extracting the tangible token vectors (mask embeddings) V, we pass pairs of
2D masks corresponding to (v,,v),1 < a,b < |V| to RAM to obtain a prediction
for the relationship between the corresponding objects. We set a threshold on the
classification score at 0.05 (as specified by the RAM model) to select only high-scoring
relationships. We then embed the relationship class using the CLIP text encoder.
This process results in a set of intangible tokens U = uy, us, ..., u,,.

Finally, we also extract the directional (subject, object, predicate) triplet indices,
denoted by € = {(a,b,c) : 1 < a,b < |V|,1 < ¢ < |U|,Vc}. This means that the
subject a is performing the action ¢, received by the object b, and the term object
in this context refers to the part-of-sentence tag in language terminology (a, b, ¢ are

indices of corresponding tokens or visual entities). These triplets capture the semantic
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Figure 6.3: Using off-the-shelf models to extract tokens: We extract image
features (1) and mask embeddings (V) from a panoptic segmentation model. Next,
we pass pairs of object masks to a relation extractor and collect the highly probable
relationships (£). We compute CLIP text embeddings of all relationships (/). This
information is distilled into a scene graph representing the image as shown.

correlation between tangible and intangible tokens, resulting in a scene graph of vector
nodes and vector edges as illustrated in Figure 6.3. Beyond scene graphs, we also
obtain structural information on how objects are co-located in the image by computing
the 4-nearest neighbors of each tangible token. Specifically, for every instance we
discover from the segmenter, we rank the 4-nearest neighbor instances by computing
the Euclidean distance between the centers of the bounding boxes. We formally define
this set as N = {(n,(:)), 1<i<|V|,Va,k € [1,2,3,4]}.

We note that our method of extracting tokens can be substituted with alternative
segmentation models or scene graph generation methods [Yan | 22¢|. Scene graph
datasets like Visual Genome [lri 16] provide pre-defined image graphs with object
and relationship sets. Our goal of extracting semantic tokens is to capture larger,
concrete visual entities as token embeddings rather than tiny patches that are flattened.
Therefore, alternate approaches to extract object masks and embeddings can be used
in our framework as long as the stated goal is met.

In summary, our token extraction process uses an off-the-shelf segmenter and
relation extractor to obtain (i) Image features, denoted by 1, (ii) Set of tangible
tokens, denoted by V = {vi,vs,..v,,}, (ili) Set of intangible tokens, denoted by
U = {uy,uy,..u,}, (iv) Set of (subject, object, predicate) triplets, denoted by
E=A{(a,b,c):1<a,b<|V|,1<c<|U|,Vc}, (v) Set of 4-nearest neighbors, denoted
by N = {( ), 1< a<|V|,Va, k€ [1,2,3,4]}. We outline this process in Figure 6.3.
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6.4.2 Training with Additive Attention

In this section, we explain the process of training our model using all the elements
we extracted in Section 6.4.1. Rather than training a vision transformer on image
data, we train a transformer model f(-) on the extracted token vectors. To this end,
we prepare each sample ¢ from the training data as a concatenated set of 1; (image
features), V; (tangible tokens), and U; (intangible tokens). We formally define this set
as T; = {1;} UV, UlY;. Similar to text tokens in a transformer, where each token has
independent meaning, we now have a set of visual tokens where each token has some
semantic association. Since each component of 7; is extracted in a unique manner,
involving different deep networks, we add separate positional embeddings to each
token based on its type. Specifically, we initialize 3 learnable positional embeddings
Puv; Pu, and p;, and add them to each token: v=v +p,Vv e V;, u=u+p,Vu € Y;,
l; =1+ p:.

The tokens and positional encodings account for most of the visual information
available in the given image, including intangible information about actions and
relationships. However, the structural connectivity between tokens as illustrated in
Figure 6.3 is still lacking. Since our data is of graph structure, it makes intuitive sense
to use Graph Neural Networks and variants | ; | as primary encoders.
However, the scaling and computational complexity of these models make us explore a
simpler idea. Transformers, on the other hand, are a proven recipe to train large-scale
models efficiently and learn generalizable representations. The attention mechanism
[ | already encapsulates varying levels of importance between tokens and their
neighbors.

In the context of text data, attention allows us to identify strong correlations of
each word with surrounding words simultaneously as models make sense out of a
given sentence. In our setup, we have several tangible tokens, correlated with each

other in two manners defined by i) Semantic relations that we extract as intangible
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tokens U and (subject, object, predicate) triplets £ and ii) Relative positions in the
image defined by the set of nearest neighbors N'. We therefore simulate both of these
correlations by applying a ranked additive weight to the computed attention scores
between each pair of tokens.

We prepare a weight matrix A; € RI7*I7! for any i** data sample. We populate
A; with 7 types of relationships between the tokens in 7;, ranked by their importance

in image comprehension.

7, if (CL, b, ) S g@
6, if (a,.,b) € & or (.,a,b) € &
Aga’b) — < (61)
5, if (b,.,a) € & or (.,b,a) € &
5—k, ifb=N" k=1{1,234}

Here, a and b represent the indices of any pair of tokens in the given set 7; and for
simplicity of notation, we directly denote (subject, object, predicate) sets using a and
b. With reference to the scene graph shown in Figure 6.4.1, the ranks are applied as
(i) 7 for a directional node to node connection, (ii) 6 for every node to edge connection
(person to beside, tree to beside), (iii) 5 for edge to node connections (beside to person
and beside to tree), (iv) 4, 3, 2, 1 for the first to the fourth nearest neighbor (in the
image) of the given node respectively.

We define an attention weight encoding a € R® that is learned based on the
rankings in the attention weight matrix A; for all samples. The first element in a is
set to 0 and each subsequent element is learned such that the difference between that
element and the previous element is equal to a rank {1,2,..7}. This is done simply
by computing the cumulative sum, cumsum(exp(a)) and substituting each rank in

A; with the learned rank weight in cumsum(exp(a)). Finally, we add this updated
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learned weight matrix A; to the computed self-attention score across all attention
heads in our model.

We deploy our wvisual token encoder that applies all of the strategies described
above in a vision-language pre-training setup. As shown in Figure 6.1, we preprocess
every image in the training data using our visual tokenization method, which extracts
the set of tokens 7 and prepares attention rank matrices A for those tokens. The token
embeddings are padded to a fixed context length and added to positional encodings p,,
Pu, and p;. The tokens, along with the attention weight matrix (computed using a and
A;), are fed into our visual token encoder, f(-), which follows a standard transformer
architecture to extract fixed-length image embeddings s. We simultaneously also train
a text encoder, ¢(+) (also a transformer), on the image captions to extract fixed-length
text embeddings t. We follow the CLIP | | optimization, which applies a simple
contrastive loss between all s;’s and ¢;’s in large batches.

Practically, training this model is more efficient compared to ViTs and CLIP since
we process relatively low-dimensional data compared to high-dimensional large images.
We use a context length of 77 during token extraction and our token embedding width
is 512 (arising from the segmentation model). Therefore, each sample is of 77 x 512
dimensions along with A, a 7] x |7| dimensional weight matrix, where |T| < 77.
While the training speed and compute cost is significantly lower, we cannot ignore the
added overhead of token extraction itself. The compute cost and memory overhead
comes from the segmentation and relation extraction process where each image needs
to be processed individually and the extracted token and metadata need to be saved

on the disk for training.
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6.5 Results

6.5.1 Experimental Setup

Our experimental premise is to demonstrate a proof-of-concept of our hypothesis stating
- using semantically meaningful tokens can be beneficial in learning comprehensive,
compositional representations. For token extraction, as discussed in Section 6.4.1,
we use the segmenter, SEEM | | (Focal-L | | backbone) and relation
extractor RAM | . SEEM is trained on COCO | | while RAM is trained
on the Panoptic Scene Graph Generation (PSG) dataset which contains 49K images
arising from COCO and Visual Genome | |. We extract and save all sets of
tokens and metadata as listed in Section 6.4.1 for the COCO train (118M samples)
and validation (5K samples) splits. We set our context length to 77 tokens and add
zero-padding, if needed.

Next, we train our Visual Token Encoder from scratch on the synthesized COCO
token dataset to confirm our hypothesis. Our tangible and intangible tokens are of
512 dimensions and we use a 3-layer MLP with ReLU | | activation to project
the concatenated intermediate image features from the segmentation model backbone
into 512 dimensions. We use the PyTorch implementation of the Transformer model
using 8 layers and 8 attention heads with a linear projection head that dimension of
512. We simultaneously fine-tune the CLIP (ViT-B/32) text encoder, which outputs
512-dimensional text embeddings, on the COCO caption data by loading 1 randomly
sampled caption out of 5 per image in the dataset.

We sweep over 4 learning rates {1e™% 5e¢7% 1e7° 5¢7°} and choose the best per-
forming model. We use the AdamW optimizer | | and train for 100 epochs, using
a batch size of 256, with a warmup of 10 epochs and cosine annealing learning rate
schedule. We perform experiments with and without additive attention as an ablation.

In order to understand the benefits of using our proposed tokenization approach,
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we compare with 3 baseline setups which are directly trained on image data using
standard tokenization techniques i.e., image patchification. The first setup replaces our
tokenizer and transformer with a standard ViT | | trained directly on COCO
images. We use the PyTorch implementation of the VisionTransformer model and
train a ViT-s/16 variant which has 8 layers and 8 attention heads, closely matching
the architecture of our Visual Token Encoder. We align the learned image embeddings
with the CLIP text embeddings in the same manner as described above. Our second
setup, is the pre-trained CLIP (ViT-B/32) model which is trained on very large-scale
data | | of roughly 400M samples. Finally, in our last setup, we fine-tune the
pre-trained CLIP (ViT-B/32) model on COCO images and captions. This setup is
similar to that of the ViT-s/16 except CLIP is already pre-trained on a large amount
of data while the ViT is trained from scratch. We use the same training pipeline
described for our Visual Token Encoder for all experiments - including number of
epochs, learning rate sweeps, optimizer, schedulers, etc. and all results are averaged
over 2 random seeds. Our Visual Token Encoder can be trained efficiently using 2

A5000’s, however, the ViT-s/16 and CLIP models need to be trained on 4 A6000’s.

6.5.2 Learned Representations

We measure several metrics through the course of training our model and baselines to
understand the quality of the learned visual representations. As mentioned, in our
training pipeline, we fine-tune the CLIP text encoder with a vision component which
can be any one of (i) Visual Token Encoder (Ours), (ii) Visual Token Encoder (Ours),
without Additive Attention, (iii) ViT-s/16 (iv) CLIP (fine-tuned). In Figure 6.4, we
show that the training loss converges across all setups. The CLIP model which is
already pre-trained maintains a low loss through the course of training.

We evaluate the alignment between visual and text representations by calculating

the image-to-text and text-to-image retrieval scores on the COCO validation split
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Figure 6.4: Learned Representations: In text-to-image and image-to-text retrieval

accuracy, we observe that our visual token encoders perform best beating both CLIP
(fine-tuned) and ViT-s/16 baselines. We also show the average diagonal and off-
diagonal similarity of the learned representations across training iterations. From
these plots, we observe that the contrast is strongest for our visual token encoder
when additive attention is not used.

across iterations. We randomly sample 1 caption out of 5 per COCO sample and
compute all text and visual embeddings. We then measure the zero-shot retrieval
accuracy of matching the closest image to a given text (text-to-image) and closest text
to a given image (image-to-text). These metrics are plotted in the second and third
subfigures in Figure 6.4. We observe that the retrieval scores of our Visual Token
Encoder are the highest amongst all experiments. The usage of additive attention
results in 54.35 text-to-image retrieval accuracy which is a 9% improvement from the
fine-tuned CLIP model and 47% improvement over ViT-s/16. This model also performs
best for image-to-text retrieval achieving 49.76 accuracy which is 4% improvement
over the fine-tuned CLIP model and a 44% improvement over ViT-s/16. These results
are especially noteworthy because both our Visual Token Encoder and the ViT-s/16
are trained from scratch to convergence on the same data (COCQO) but our method
learns significantly more powerful representations. Our model also beats CLIP which
is pre-trained on 1000x more data and fine-tuned on COCO for the same number of

iterations.
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Table 6.1: ARO Benchmark: We evaluate our model and baselines on 4 components
of the ARO | | benchmark and measure the accuracy for each. We outperform
both CLIP and ViT across VG-Relation, VG-Attribution and COCO-Order and beats
the ViT on Flickr-Order. * indicates models that are trained from scratch on COCO.
FT indicates pretrained models that are fine-tuned on COCO.

Image Encoder ‘ Text Encoder ‘ VG-Relation ‘ VG-Attribution ‘ COCO-Order ‘ Flickr-Order
CLIP CLIP 59.9 63.1 47.4 58.0
CLIPFT CLIPFT 65.8 65.9 56.4 32.7
ViT-s/16* CLIPFT 53.5 53.9 38.7 28.9
Visual Token Encoder* (Ours) T . )
(without additive attn.) CLIP 078 64.1 172 34.8
Visual Token Encoder* (Ours) CLIPFT 68.9 66.2 56.8 41.4

In the last two plots in Figure 6.4, we compare the average diagonal and off-diagonal
similarities in the COCO validation text-image embedding cosine similarity matrix.
Since the CLIP model has already converged, we do not observe major changes in
embedding similarity as training progresses. Other models which are trained from
scratch show an increasing trajectory in the off-diagonal similarity, followed by a
decrease, finally leading to a similarity score lower than that of the diagonal values.
We observe the strongest contrast between diagonal and off-diagonal scores in our

visual token encoder when additive attention is not used and the weakest contrast in

the ViT-s/16 model.

6.5.3 Compositionality Benchmarks

As vision-language models gained popularity, several follow up works have challenged
their compositional reasoning capabilities. Compositionality benchmarks like ARO
[ | and Winoground | | propose a set of evaluation datasets which can be
used to understand the depth of vision-language model reasoning. Both benchmarks
have highlighted the significant lack of compositional understanding in state-of-the-art
vision language models like CLIP. In this section, we study the behavior of the Visual
Token Encoder we proposed on these benchmarks, compared to our baselines.

The ARO benchmark consists of 4 datasets - Visual Genome-Relation (VG-
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Relation), Visual Genome-Attribution (VG-Attribution), COCO-Order and Flickr-
Order. A sample arising from VG-Relation and VG-Attribution consists of an image
with 2 caption options, a correct caption and an incorrect caption where either the
relations (between objects) or the attributions (object properties) are interchanged
across objects. Samples from COCO-Order and Flickr-Order consist of an image
and 5 caption options, where only one is correct and the others have shuffled words
to test order sensitivity. The accuracy for each dataset measures the percentage of
images matched with the correct caption by the given model using its corresponding
similarity metric (cosine similarity). We evaluate our model and baselines on each of
these datasets and present our results in Table 6.1.

In VG-Relation, VG-Attribution and COCO-Order benchmarks, our model with
additive attention performs best, showing a 10% improvement over CLIP (off-the-shelf)
and 18% over ViT-s/16. We consider the ViT-s/16 as a fair competitor with our model
since it has seen the same data (COCO train) and Visual Genome and Flickr are
both out-of-distribution datasets. In COCO-Order, we observe a degraded accuracy
in our model when additive attention is not used. Without additive attention, the
visual tokens of COCO are simply stacked and presented to the transformer with
no information of the nature of their relations. We suspect that this prevents the
model from choosing the correct permutation of words in COCO-Order. Our model
outperforms the ViT in Flickr-Order but does not beat the CLIP (off-the-shelf)
baseline. This may be because Flickr may be closer to the training distribution of
400M samples that CLIP has seen.

Winoground, like ARO, also tests for relation and attribution reasoning. Each
sample in Winoground consists of 2 images and 2 captions and the accuracy is measured
by a given model’s capability of associating the correct image to the correct caption and
vice versa. The resulting metrics are Text Correct (assigning text to correct image),

Image Correct (assigning image to correct text) and Group Correct (a combination of
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Table 6.2: Winoground Benchmark: We evaluate our model and baselines on
Winoground | | and measure the 3 metrics given by the dataset. Our model
outperforms CLIP and ViT in the image correct and group correct metrics. * indicates
models that are trained from scratch on COCO. FT indicates pretrained models that
are fine-tuned on COCOQO.

Image Encoder ‘ Text Encoder ‘ Text Correct ‘ Image Correct ‘ Group Correct
CLIP CLIP 30.75 10.50 8.00
CLIPFT CLIPFT 28.25 12.00 7.25
ViT-s/16* CLIPFT 18.00 13.00 7.00

Visual Token Encoder* (Ours) FT
(without additive attn.) CLIP 28.25 15:25 925

Visual Token Encoder* (Ours) CLIPY¥T 27.00 16.00 9.75

the previous two). In Table 6.2, we summarize these metrics across our experiments.
Compared to ARO, Winoground is a harder benchmark where even a large-scale
model like CLIP only reaches a 10.50 image correct score. Our model outperforms all
others in image correct and group correct scores showing 3% improvement over ViT
and 4% over CLIP (fine-tuned). We beat the ViT by 10% on text correct scores with
and without additive attention. Our tokenization process is beneficial to the image
correct scores rather than text correct, because we attempt to learn compositional

image embeddings such that they are better associated with correct captions.

6.6 Discussion

We challenge the premise of equal-sized patching in vision transformers and propose
to use variable-sized, semantically meaningful tokens for visual understanding. We use
off-the-shelf segmentation models and scene graph generation models which can detect
high-level patches, such as objects in real images, which possess independent physical
meaning. Additionally, we show that visual comprehension can be enhanced with
intangible tokens like actions and relations that have semantic significance but are not
physically localized in the image. We train a transformer model, referred to as the

Visual Token Encoder, on the extracted set of tokens on the COCO dataset to learn
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image representations and align them with caption representations from a fine-tuned
CLIP text encoder. We incorporate other metadata, such as directional relationships
and relative positions of tokens, by applying additive attention weights ranked by
importance. These updates result in a 47% improvement in text-to-image retrieval
compared to using a Vision Transformer (ViT) and a 9% improvement over the fine-
tuned CLIP model. Additionally, we show an 18% improvement over ViT in the ARO
benchmark and a 10% improvement in the Winoground benchmark, indicating that
our Visual Token Encoder produces higher-quality compositional representations. Our
contribution presents a proof-of-concept for rethinking tokenization in vision models
and the associated potential benefits. Our findings open new avenues for empirical and
theoretical research, specifically: (i) How does this tokenization approach perform in
large-scale setups? (ii) Can we develop a unified model for both scene-graph generation
and representation learning? (iii) How can our tokenization method be made more

compute and memory efficient?
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Chapter 7

Conclusion

In this thesis, we studied various failure modes of deep learning methods through the
lens of visual representation learning. We discovered vulnerabilities in representation
patterns that lead to these failures and identified methods to enable more structured,
generalizable learning.

The first failure we investigated, is domain generalization. In Chapter 2, we showed
that naive self-supervised representations are not trained to distinguish domain and
content information in images. Our Domain Disentanglement Module (DDM) plugged
into existing SSL models, pushed them to encode content information invariant to
domain information which boosted downstream linear classification accuracy. In
Chapter 3, we further dissected the representation space to define a per-sample, model-
agnostic, quality metric that measures the chances of a representation being correctly
classified. Using this metric as a regularizer while fine-tuning, we showed significant
improvements over linear evaluation, transfer learning and interpretability. We next
proposed an interpretability method called FALCON in Chapter 4, which can be used
to explain subspaces in representations in a human-understandable format and help
debug failures.

The next failure in representation learning we identified is the role of diverse aug-
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mentations in ensure required invariances for generalization. In Chapter 5, we showed
that the Fourier space of images can be utilized to further diversify augmentations
and also to contrast between multiple formats of the same input. Finally, we discussed
compositionality as a failure mode in visual understanding in Chapter 6. We replaced
fixed-sized image patches with scene graphs of semantically meaningful visual tokens
for transformers to learn better structured, dense, image representations.

In general, pre-training on large amounts of data to learn representations without
strong priors, can lead of unforeseen side-effects that manifest as failures. Our research
unraveled image representations to discover key aspects of data, architectures and
training pipelines that govern these failures. They also open several directions for

further research, some of which we discuss in Chapter 8.
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Chapter 8

Future Work

8.1 Learning Visual Priors Alongside Representa-
tions

In Chapter 6, we presented our findings that rich atomic embeddings, structured
as a scene graph can significantly improve multi-modal retrieval performance. This
tokenization framework however, relies on the use of off-the-shelf models to identify
tangible and intangible tokens. An important direction for further research is learning
the full tokenization process during image-text pre-training. This involves training the
scene-graph extraction process alongside the full representation alignment framework.

Similar to human perception, we believe that models should learn from complex
scenes by decomposing them into atomic entities. A portion of these entities can be
detected based on prior knowledge, similar to the way we used off-the-shelf segmenters
and relation extractors. With densely annotated data (like MS-COCO), we can
certainly train an end-to-end framework including a tokenizer that produces a scene-
graph. However, a second portion of entities unknown to the model and not annotated
in training data always exists. Utilizing self-supervision to learn these entities during

end-to-end pre-training is an interesting research direction. Such approaches enable
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models to update themselves with unseen entities, without forgetting known concepts,

which can have a strong impact in continual/lifelong learning research communities.

8.2 Distributional Understanding in Generative Mod-
els

Deployment of large deep learning models can be hurdled by several safety constraints.
These are generally dominated by model uncertainty to distribution shifts or out-
of-scope inputs. Such examples may be provided either specifically or accidentally
from distributions different from that of the training data. Deep models however,
have little to no understanding of input likelihood or typicality, unless they are
specifically optimized for it. When presented with inputs that are out-of-scope, models
therefore resort to mis-predictions and hallucinations which, under safety-critical
setups, can have serious consequences. It is imperative that inputs to deployed models
are examined for their typicality i.e., closeness to a known training distribution, before
being processed.

For a given training distribution (or input distribution, ID), out-of-distribution
(OOD) examples can arise from infinitely many directions. Instead of designs that
make assumptions on OOD statistics like outlier exposure | |, we can instead
learn 1D data via state-of-the-art generative models. Autoregressive generative models
like PixelCNN | |, Flow-based models like RealNVP | | and Diffusion
Models like Variational Diffusion | | which can generate photo-realistic images
are also capable of density estimation in competitive benchmarks. However, prior
works | | have shown that these models often surprisingly fail to distinguish
between ID and OOD data. We hypothesize that generative capabilities are not
necessarily optimized for semantic understanding which could lead to learning pixel

correlations for realistic images rather than meaningful concepts from the distribution.
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Our studies on representation models have shown that they produce features that
respect semantically-relevant information rather than naive image compression. A
direction for better density estimation and OOD detection is to utilize semantically-
rich representations as conditioning for generative models. This method applies a
granular control to image generation and sheds light on what concepts constitute as

in-distribution and are suitable for further processing.
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Appendix A

Supplementary Material - Chapter 2

A.1 Representation Space

In the top panel of Figure A.1, we visualize the representations of SImCLR pre-trained
on ImageNet-1K | |. Each row denotes the representation vector (h;) of a
random sample drawn from the the ImageNet-1K train set. There are 2048 columns
corresponding to the representation size of a ResNet-50 | | encoder.

We observe that the representations are all nearly sparse with a small number
of strongly deviated coordinates. We verify this observation in the second panel of
Figure A.1 where, we plot the distribution of all the SimCLR features of the same
samples as the top panel, as well that of other self-supervised models including, DINO,
SwaV, MoCo, VICReg and Barlow Twins. In each distribution, a very large number of
features have a magnitude of 0 or very close to 0. In the zoomed version of the same

plot, we can see a relatively small number of features that show strong activations.

A.2 Results on Other Datasets

As an extension to the results shown in Table 3.1, we include results on more datasets in-

cluding CIFAR-10 | |, CIFAR-100 | | and STL-10 | | on 8 self-supervised
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Figure A.1: Visualizing the self-supervised representation space: The top
panel shows a heatmap of SimCLR representations of random ImageNet-1K samples.
In the second panel, we plot the distribution of the features of the visualized samples
for various models. We observe that representations are mostly sparse with a small
number of strongly activated coordinates.

Table A.1: Linear classification performance with Q-Score regularization
(more datasets): Similar to Table 3.1, we tabulate our results on CIFAR-10, CIFAR-
100 and STL-10

Model

CIFAR-10 CIFAR-100 STL-10
Baseline ‘ Lasso ‘ Q-Score | Baseline ‘ Lasso ‘ Q-Score | Baseline ‘ Lasso ‘ Q-Score

SimCLR 90.83 89.33 92.31 65.82 68.21 68.90 76.42 75.59 79.83
SwaV 89.23 89.37 90.03 65.13 66.06 66.52 73.94 69.93 75.03
MoCo 92.95 90.59 94.77 70.12 67.23 71.16 73.21 72.65 74.29
BYOL 92.59 90.27 92.82 70.54 71.26 72.71 70.59 70.27 74.47
DINO 89.54 89.57 89.85 66.82 65.52 67.49 68.36 69.29 69.38

SimSiam 91.03 90.74 92.48 66.58 65.69 69.03 72.94 67.54 73.52

VICReg 92.69 91.83 93.74 68.81 66.75 71.76 70.76 70.61 72.82
Barlow 93.46 91.75 93.87 71.82 71.54 71.91 74.17 70.27 74.32

baselines when fine-tuned (further trained) with and without Q-Score regularization.
In Table A.2, we observe that Q-Score regularization helps boost the performance of

all state-of-the-art models across datasets.

A.3 Transfer Performance of Q-Score Regularization

In Table A.2, we tabulate the transfer learning performance (linear evaluation) of

various unseen datasets |
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| on 6 self-supervised models trained on ImageNet-1K with and without
Q-Score regularization. We use frozen ResNet-50 representations for each transfer
dataset (using actual image size) and perform linear evaluation using a classifier. We
observe that the average accuracy of unseen datasets improves on all setups, especially
on SimCLR, SwaV and MoCo.

In Figure A.2, we visualize the gradient heatmaps of some discriminative features
discovered on SimCLR on ImageNet-1K on both ImageNet-1K and unseen datasets,
Aircraft | |, Food | | and Cars | |. We observe that the physical
meaning associated with each feature is consistent between both the training and unseen
data. The heatmaps also correspond to informative features, strongly correlated with
the ground truth. These gradients indicate that discriminative features are transferable
across unseen datasets, which support the improvement we observe in Table A.2.

We also visualize the representations of correct and incorrect classifications of the
Flowers | | dataset in Figure A.3. We use SimCLR pre-trained on ImageNet-1K
(top panel) and the same model pre-trained with Q-Score regularization (bottom
panel). We observe that the same properties as Figure 3.3 on ImageNet-1K (train
dataset) transfer at test time to Flowers, an unseen dataset. Before regularization,
representations, especially the mis-classified ones, do not contain highly activating
discriminative features. These features get more enhanced after Q-Score regularization
leading to improved top-1 accuracy as shown in Table A.2.

Table A.2: Transfer learning performance of various state-of-the-art self-
supervised models trained on ImageNet-1K with and without Q-Score

regularization: We observe that fine-tuning with Q-Score regularization improves
the average transfer accuracy on all self-supervised models.

SimCLR SwaV MoCo BYOL DINO SimSiam VICReg Barlow Twins
Transfer | g ctine | 45T | pocetine | L 9SO paetine | 98¢ | poctine | @500 | pocetine | L 45T pocetine | 4SO pocetine | | @80T | paceline | |, @Score
Dataset Regularized Regularized Regularized Regularized Regularized Regularized Regularized Regularized
CIFAR-10 | 70.13 70.55 71.27 72.42 72.30 73.26 7136 72.99 72.62 70.33 72.62 74.29 73.32 73.98 71.23 73.83

CIFAR-100 | 40.23 40.70 42,52 42.69 45.70 4411 45.92 45.36 43.32 16.45 45.85 142,93 42.20 4204 41.01 4518

STL-10 | 65.74 65.77 65.51 65.89 66.87 67.03 85.45 86.07 80.07 79.05 7158 72.76 67.76 74.95 67.38 65.02
Aircraft | 62.38 68.13 63.86 73.08 69.34 67.59 63.76 62.14 63.9 73.9 6.5 72.75 68.22 65.69 64.3 63.12
Flowers | 88.12 85.19 86.35 86.99 80.19 89.61 87.37 89.59 87.97 89.81 88.54 88.25 85.00 85.69 85.86 87.82
Food 7168 74.2 77.23 72.82 79.25 79.56 70.69 72.78 7101 77.87 74.55 7145 78.03 73.88 72.82 76.82
Cars 51.61 54.26 50.74 53.05 54.37 54.87 51.83 54.85 51.22 51.91 50.92 50.64 52.29 50.44 51.5 53.51
DTD 55.60 56.06 55.63 57.18 55.90 57.12 55.63 56.06 50.9 53.77 52.07 53.24 51.27 52.63 54.07 51.08
Average | 63.12 64.36 64.18 65.52 66.62 66.64 66.50 67.48 65.13 67.89 65.33 65.79 64.77 64.91 63.52 64.55

109



ImageNet-1K (Chocolate Sauce)

*§

ImageNet-1K (Wlng Class)

ImageNet-1K (Pickup)

lim@l

Food (Chocolate Cake)

Aircraft

Feature: 15
Feature: 387
Feature: 31

Figure A.2: Discriminative features on unseen datasets: We visualize the
discriminative features discovered on ImageNet-1K classes on unseen datasets like
Aircraft, Food and Cars. We observe that discriminative features correspond to the
same physical attributes as the training data and are core and informative.
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Figure A.3: Comparing correct and mis-classified representations in Flowers
dataset: In these heatmaps, we visualize the discriminative features of several Flowers
dataset samples. In the top panel, we display the correct (left) and incorrect (right)
classifications of SiImCLR (trained on ImageNet-1K) and in the bottom panel, we
visualize the same when pre-trained using Q-Score regularization. Similar to the
observations in Figure 3.3, we observe that the regularization enhances discriminative
features, thereby leading to an improvement in performance.
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Figure A.4: Feature groups: Groups of features (non-axis-aligned) can still corre-
spond to meaningful physical concepts that are associated with class labels, therefore,
can also be discriminative.

A.4 Axis-Alignment and Principal Components

In our analysis, we select discriminative features independently and observe their
heatmaps and activations across the population. Figure A.4 shows some examples of
non-axis-aligned groups of features that can still correspond to meaningful concepts
associated with class labels. With discriminative features, we attempt to collect all
the conceptual information associated with class labels in the dataset. These concepts
can be encoded by independent or groups of features and which strongly activate
when the concept is present and can still lie in the middle portion of A.

To (partially) validate our selection method, we have also conducted a PCA
analysis where we select principal components of feature representations and perform
linear evaluation on top of them. In Figure 3.2, we observe that, until 40% reduction
of the representation size, PCA and discriminative features perform comparably in
terms of the linear classification accuracy while discriminative features significantly
outperforms random features across the board. We also plot the gradients of the
highly activating PCA features and compare them to discriminative features in the full
representation space in Figure A.6. We observe that both sets of features activate the
same portions of the images between both correct and incorrect classifications. These
results indicate that discriminative features capture a fair amount of information in

the feature representations and thus (partially) validating our underlying assumption.
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Figure A.5: Linear classification accuracy on discriminative features: Similar
to Figure 3.2, we compare discriminative and random features to PCA features of
matching sizes. Discriminative features also match the performance of PCA features
to a certain extent showing that features can be considered as axis-aligned.
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Figure A.6: Comparing gradient heatmaps of discriminative features and
PCA features: In this figure, we plot the gradient heatmaps of the discriminative
features of correct and incorrect classifications on ImageNet-1K trained on SimCLR.
We also plot the discriminative PCA features for the same images. We observe
that both sets of features activate the same portions of the images meaning that
discriminative features can we viewed as axis-aligned.
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A.5 Selecting Features from the Upper or Lower Tail

of A

We discussed in the Discriminative Feature Section that we select discriminative
features by increasing the lower limits (from 0 percentile) and decreasing the upper
limits (from 100 percentile). In Figure A.7, we compare discriminative features with
features selected from lower tail of A (lower percentile fixed at 0) and the upper tail
(upper percentile fixed at 100). Our discriminative features outperform both selection

methods up to 60% reduction in representation size.
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Figure A.7: Selecting discriminative features: We additionally include the results
on MoCo, ImageNet-100 when selecting features either from the lower or upper tail of
A which perform worse than the middle portion of A.

A.6 Ablation on Q-Score Loss Hyper-Parameters

In this section, we discuss how we can perform a hyper-parameter search on Ay and A,
to find the best performing pair of values. We take the baseline of SimCLR trained on
ImageNet-1K and further train this model under the setup outlined in the Experimental
Setup Section. We train keeping both A\; = Ay = 0 and run experiments by gradually
increasing A; to find the best performing value. Next, we search over Ay keeping
the best performing value of A\;. In these experiments we find that \; = \y = 107%
is the best performing pair. We find that this pair shows improved performance

across most experiments. Due to lack of resources, we do not heavily tune these
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hyper-parameters in our experiments, however, we can expect improved performance

if tuning is performed.
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Figure A.8: Hyper-parameter Search on \; and \y: We set Ay = 0 and search
across various values of A\; to find the best performing experiment. Next, we set A\; to
the best performing value and search over \s.

A.7 Q-Score on Supervised Learning

We note that we select discriminative features and compute Q-Score on self-supervised
representations without using any label information. Thus, our study to show correla-
tion between QQ-score and classification outcome is non-trivial since self-supervised
models learn without labels. Nevertheless, we have included an experiment in Figure
A9, where we analyze Q-score as a predictor of classification outcome (correct vs
incorrect) on supervised ResNet-18 (ImageNet-100) and ResNet-50 (ImageNet-1K)
representations as well as their robust versions (12 threat model). Self-supervised
representations generally perform better than supervised representations on Q-score
indicating that the representational properties we have identified may be mainly
prominent in self-supervised learning. We observe that non-robust supervised ResNet
shows lower AUROC and AUPRC compared to robust ResNet on both ImageNet-100
and ImageNet-1K setups. This is in line with observations in | | and | |

that show that robust models provide better axis-alignment of features.
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Figure A.9: Precision-Recall and ROC curves of Q-Score on supervised
setups: In the first two plots, we compute the ROC and PR curves (similar to Figure
3.4) of Q-score on the representations of a supervised ResNet-18 model and a robust
ResNet-18 trained on ImageNet-100. In the last two plots, we show the same for
ResNet-50 trained on ImageNet-1K. We observe that robust ResNet performs better
for Q-score when used as a predictor for correct or mis-classified representations.
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Figure A.10: Average |L;| (left) and classification confidence (right) before
and after regularization: On the left we plot the average value of |L;| (number
of highly activating features) and on the right we plot the average classification
confidence over the population of ImageNet-1K. We observe that both the number of
highly activating features and classification confidence consistently improve on every
self-supervised baseline with Q-Score regularization. This improvement is due to the
nature of Q-Score regularization which maximizes highly activating discriminative
features over the course of pre-training leading to a higher number of such features
and improved classification confidence.
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A.8 Q-Score and Classification Confidence

In Figure A.10, we plot the mean of |L;| (left), i.e., number of highly activating
features in the i sample, and the mean linear classification confidence (right) over
the population for each self-supervised model pre-trained with and without Q-Score
regularization. We observe an increase in the average number of highly activating
features (L;) and as a result, an improvement in classification confidence, due to more

enhanced features.

A.9 More Gradient Heatmaps of SimCLR

In Figures A.11, A. 12, A.13 and A.14, we plot more heatmaps of highly and lowly
activating features of SImCLR for 4 different ImageNet-1K classes. We observe that the
highly activating features correspond to unique physical properties that are correlated
with the ground truth, whereas, lowly activating features, map to spurious portions

that do not contribute to useful information.
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Figure A.11: Heatmaps of discriminative and lowly activating features of
SimCLR (Class - Ski Mask): We plot the gradient heat maps of the top activating
discriminative feature (by magnitude) for the given class and a lowly activating feature
of the same class. We observe that discriminative features are more correlated with
ground truth labels compared to lowly activating features in both correct and incorrect
classification. The discriminative feature in correct classifications correspond to a
unique physical attribute that may not exist (or be obfuscated) in mis-classified images.
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Figure A.12: Heatmaps of discriminative and lowly activating features of
SimCLR (Class - Park Bench): We plot the gradient heat maps of the top
activating discriminative feature (by magnitude) for the given class and a lowly
activating feature of the same class. We observe that discriminative features are more
correlated with ground truth labels compared to lowly activating features in both
correct and incorrect classification. The discriminative feature in correct classifications
correspond to a unique physical attribute that may not exist (or be obfuscated) in
mis-classified images.
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Figure A.13: Heatmaps of discriminative and lowly activating features of
SimCLR (Class - Head Cabbage): We plot the gradient heat maps of the top
activating discriminative feature (by magnitude) for the given class and a lowly
activating feature of the same class. We observe that discriminative features are more
correlated with ground truth labels compared to lowly activating features in both
correct and incorrect classification. The discriminative feature in correct classifications

correspond to a unique physical attribute that may not exist (or be obfuscated) in
mis-classified images.
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Figure A.14: Heatmaps of discriminative and lowly activating features of
SimCLR (Class - Dutch Oven): We plot the gradient heat maps of the top
activating discriminative feature (by magnitude) for the given class and a lowly
activating feature of the same class. We observe that discriminative features are more
correlated with ground truth labels compared to lowly activating features in both
correct and incorrect classification. The discriminative feature in correct classifications
correspond to a unique physical attribute that may not exist (or be obfuscated) in
mis-classified images.
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Appendix B

Supplementary Material - Chapter 3

We use pre-trained models from the solo-learn package | | and the official

implementation of CLIP | .

B.1 Analyzing FALCON Explanations Across Vari-

ous Models

We have performed a global analysis comparing the FALCON concepts across various
supervised and self-supervised models (ResNet-50 encoder). In Table B.1, we tabulate

the number of interpretable feature groups identified from the final representation

Table B.1: Feature groups and concepts for various models: We tabulate
the number of interpretable groups for each model and number of unique concepts
extracted after explaining each group. We observe that many frequently occurring
concepts are shared across models.

Model ‘ # interpretable groups ‘ 7#£ unique concepts ‘ Most frequent concepts
SimSiam 249 578 'white’, ’head’, 'brown’, ’eye’, 'face’
SimCLR 293 676 'white’, ’head’, 'face’, ’brown’, "blue’
MoCo 271 559 "white’, ’head’, 'face’; ’eye’, 'black’
SwaV 182 417 "head’, "brown’, 'white’, ’hand’, "black’
BYOL 281 477 "head’, 'white’, 'brown’, ’eye’, 'face’
ResNet-50 (Sup) 91 183 "brown’, ’head’, 'red’, 'water’, 'white’
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Figure B.1: Shared concepts between models: Among the unique concepts
extracted using FALCON on the representation space of various models, we plot the
number shared concepts between each pair of models.

layer, along with the total number of unique concepts extracted from FALCON for
these groups. Note that each explanation consists of multiple conceptual words. In
the last column, we also list the most frequently occurring concepts for each model.
We observe that among all the models we study, the supervised ResNet-50 model has
the least number of interpretable groups and unique concepts. The most frequent
concepts among all the models are almost identical, including general attributes like
various colors, face, eye, which frequently occur in the ImageNet dataset. We also
compute the number of shared concepts between each pair of models in Figure B.1.
We observe that each model shares roughly less than 50% of its total concepts with
any other model. This indicates that although each model is trained on the same
data i.e, ImageNet, their training paradigms can enable them to encode some unique
properties that are missed by other models. We calculate the number of concepts
in each model that are not shared with any other model - SimSiam 160, SimCLR
210, MoCo 159, SwaV 128, BYOL 116, ResNet-50 39. For example, these are some
unshared (truly unique) concepts of ResNet-50 - ‘eel’; ‘disc’, ‘grip’, ‘shooter’, ‘tub’,

‘sink’, ‘weimaraner’, ‘decal’.
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Table B.2: Comparing FALCON used with CLIP and LAION-400M vs
BLIP-2 zero-shot captioning: We apply FALCON with BLIP 2 | | generated

captions and ask participants to select the better explanation when compared with
CLIP-+LAION. BLIP captions underperform compared to CLIP+LAION.

Framework ‘ % of times selected as best explanation
FALCON + CLIP + LAION 58.12
FALCON + BLIP 2 (OPT, caption COCO) 41.8

B.2 Employing a Captioning Model instead of CLIP

BLIP-2’s | | zero-shot image captioning is a powerful tool to extract text captions
out of highly activating images. One advantage of using a separate vocabulary with a
vision-language model is the flexibility of controlling the expressiveness/specificity of
the captioning dataset depending on the complexity of the target model. For example,
to explain an MNIST-trained model, one may use a much smaller vocabulary whereas
explaining a model like CLIP may require an equivalently large vocabulary. Moreover,
the set of reference captions can be updated online, even after deployment without
having to re-train any model. The similarity matrix allows us to extract multiple
captions per image with a confidence score, allowing us to discard unreliable captions.
Off the shelf captioning models may be domain-specific and could generate noisy
captions with low expressiveness.

We compared FALCON + BLIP 2 with FALCON + CLIP + LAION in an
MTurk evaluation over 91 features and asked participants to select the best describing
explanation for the displayed set of images (See Table B.2. Explanations generated
via our CLIP+LAION captioning outperforms BLIPs captioning, however, BLIP 2 is

still a practical alternative given that it is trained on a large scale on LAION.
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Table B.3: Percentage of highly activating features in the ResNet-50 repre-
sentation space: For different model representations, we tabulate the percentage of
features that activate at least 10 samples with a magnitude greater than a. We select
« according to the mean of the distribution of the representation space (See Section
4.3 for more details).

Model ‘ ResNet-50 (Supervised) ‘ SimCLR ‘ MoCo ‘ DINO ‘ BYOL ‘ SimSiam ‘ SwaV
% features that highly activate > 10 samples 0.68 21.92 17.70 16.66 25.63 8.00 6.00
a 0.27 0.34 0.34 0.14 0.24 0.32 0.31

=== DINO 700 [ || mmm Feature Groups
SimSiam II Interpretable Feature Groups
== SimCLR 500 -
= MoCo II II
- SwaVv 500

] —

s BYOL

Count

Number of groups

D H

0 k==l N
i
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Number of features per group ! DINO SimSiam SimCLR MoCo SwaV BYOL

Figure B.2: Distribution of feature groups: For different self-supervised model
representation spaces we compute the feature groups (from Algorithm 1. On the left
we plot group sizes against the number of groups and on the right, we plot the number
of interpretable groups among the discovered feature groups.

B.3 Interpretable Features in Various Models

We discuss in Section 4.3 that to discover potentially explainable features we can
apply a strong value for « in 7, set of highly activating images. Since the distribution
of each model representation space can be different, to be consistent we select o =
mean(H) + 16 x std(H) (where H is the representation matrix). In Figure B.3, we
tabulate the percentage of highly activating features in the final-layer representations
where |7;] > 10. ResNet-50 has a particularly low number of highly activating features
compared to self-supervised baselines. The remaining features in the representation
space (or by relaxing « to be less rigorous), do not activate a resembling set of images,
making such features harder to explain (Figure 4.4). Some more examples of such
features are shown in Figure B.3.

We also discussed in Section 4.3 that simply thresholding by o does not guarantee

explainability as the top activating images can still be unrelated. A larger portion of
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Figure B.3: Examples of top activating images of some un-explainable
independent features: We provide more examples of top activating images of some
independent features of DINO [Car 21| (ResNet-50 [He | 16]) representations. The
image sets are not correlated in any sense, making it hard to discover shared concepts
for these features.

the representation space can be explained with feature groups. Using the Algorithm 1,
we discover feature groups and interpretable feature groups for various self-supervised
models. In Figure B.2, on the left, we show the distribution of feature groups and
their size. All the identified groups contain at least 10 highly activating images. A
large percentage of feature groups contain 1-2 features per group, however, there also
exist feature groups that contain up to 9 features. On the right, we compare the
feature groups and the interpretable feature groups, according to Algorithm 1. The
interpretable groups activate samples that are more similar (based on CLIP cosine

similarity) and are therefore easy to explain with shared natural language concepts.

B.4 Human Study to Evaluate Concepts

Eliminating malicious and inadequate responses: In our studies, we only select
participants that have a HIT approval rate of greater than 90 and the number of

HIT approvals is > 500 in the past. Each task is active for 30 minutes allowing
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Figure B.4: Comparing most and least relevant concepts based on AMT
study: We display the concepts with 100% relevancy agreement on the left and the
concepts with 0% relevancy agreement on the right.

Group A Goalis to identify which ONE out of the three following concept keywords is most related to cropped-portions of
"Group A" but NOT related to "Group B"

" 4 In this context, concepts are words that commonly describe or relate to at least 50% of the images in a given
group. You are required to choose ONE out of the three options.

® lioni quarium, marine
@ people, faces of people

@ candy store, balcony interior

Figure B.5: Amazon Mechanical Turk user study template: A template of our
user study where we display two groups of images for a target feature and ask the
users to select the best explanation among 3 options.

the participants ample time to make their selections. We did not explicitly include
control questions, however, we identified a small number of tasks which had low-quality
concept sets which we used to verify the reliability of the participants. We also approve
and pay the participants only after verifying their annotation quality.

In Figure B.5, we show a template of our user study where we display two groups
i.e., highly activated cropped images (Group A) and lowly activating images (Groups
B). In this example, we compare FALCON concepts to that of MILAN and Net-
Dissect. As discussed in Section 4.4, we also evaluate top 6 FALCON concepts on their
relevancy. We define the agreement of relevancy between workers as the percentage
of workers that believe a concept is relevant. This, averaged for all concepts in a

feature, is plotted in Figure B.6. We observe that, for 93 features, up to 86% of them
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Figure B.6: Average agreement between participants for each feature: We plot
the agreement of relevancy for each concept averaged by the feature for 93 features
we perform human study on.

are agreed to be relevant among at least 66% of the workers. We also visualize the
concepts where the agreement of relevancy is 100% (left) and 0% (right) in Figure B.4.
We observed that the irrelevant concepts have a very low average CLIP score of 0.067.
This is likely because there were other, more specific concepts for that feature, or the
concepts were out-of-context for the displayed images. In contrast, the concepts with
100% relevancy have a relatively higher average CLIP score of 0.284 (unsurprisingly)

and are strongly correlated with the displayed images.

B.5 Transferring Concepts to Unseen Data

In Section 4.6, we study a non-trivial setup of transferring concepts from one inter-
pretable model to another. In this Section we study a simpler scenario of transferring
concepts to unseen datasets. Essentially, we evaluate if our extracted concepts (on
ImageNet validation data), generalizes to new datasets. In Figure B.7, for several
DINO features, we display the highly (cropped) and lowly activating images, as well as
the highly activating images in STL-10 | | which is an unseen dataset. We extract
concepts using FALCON and MILAN to compare the quality. We observe that STL-10
images for each feature closely resemble that of ImageNet and more importantly,
correlate with most of FALCON concepts. FALCON also generally provides more

explicit concepts covering multiple aspects, compared to MILAN. This confirms that
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extracted concepts generalize well to unseen or unknown data.

B.6 Explaining Supervised Representations and Early-
Layer Features

To further confirm the generalizability of our concept extraction framework, FALCON,
we extract concepts from different layers of supervised pre-trained ResNet-50 (using
ImageNet and LAION). Our results are shown in Figure B.8. We observe the initial
layer features, activate very primitive type concepts like color or geometric patters.
FALCON extracts this information in its concepts based on the cropped images. As
we move closer to the final layer, the feature crops become larger and concepts become
more descriptive. We thus confirm that FALCON can be applied to explain any

neuron in any vision model, supervised or unsupervised.
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Figure B.7: Generalization of concepts to unseen data: We extract concepts
from various features of DINO [C'ar21] representations (using ImageNet) and verify
if they generalize to STL-10 [C'LN], an unseen dataset. In all features, the STL-10
images closely resemble the ImageNet images and contain the concepts described by
FALCON.
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Figure B.8: Concepts for features of various layers of supervised ResNet-50:
We extract concepts from random features of layers of supervised pre-trained ResNet-

50. We compare FALCON concepts with MILAN concepts.
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Appendix C

Supplementary Material - Chapter 4

SimCLR BYOL |  MoCov2 SimSiam
Encoder ResNet-50 ResNet-50 ResNet-50 ResNet-50
Zero init residual False False False True
Projection model features MLP (4096, 256) | MLP (4096, 256) | MLP (4096, 256) | MLP (2048, 2048, 2048)
Prediction model features N/A MLP (4096, 256) N/A MLP (512, 2048)
Momentum encoder (for right encoder) False True True True
Stop-grad (for right encoder) False True True True
Contrastive loss temperature 0.1 N/A 0.1 N/A
Optimizer LARS LARS LARS LARS
Learning rate 0.2 0.2 0.2 0.2
Weight decay 1.5 x 1076 1.5 x 1076 1.5 x 1076 1.5 x 1076
Learning rate schedule cosine decay cosine decay cosine decay cosine decay
Epochs 1000 1000 1000 1000
Linear probe epochs 90 90 90 90
Linear probe learning rate 0.3 0.3 0.3 0.3
Linear probe optimizer SGD SGD SGD SGD

Linear probe learning rate schedule

cosine decay

cosine decay

cosine decay

cosine decay

Table C.1: Training setup for each model: We provide the specific architecture
and training setup for each encoder for reproducibility.

Augmentation ‘ Hyper-parameter Values ‘ Probability (Left View) ‘ Probability (Right View)
. 224 x 224, min area: 0.08, max area: 1.0, min aspect: 3/4,

Random Resized Crop max aspect: 4. / 3., aspect dist: log, resize method: bicubic 1o 10
Color jitter contrast: 0.4, brightness: 0.4, saturation: 0.2, hue: 0.1 0.8 0.8
Grayscale N/A 0.2 0.2
Horizontal flip N/A 0.5 0.5
Gaussian blur min sigma: 0.1, max sigma: 2.0, kernel size: 23 1.0 0.1
Amplitude rescale m=0.8,n=175 0.2 0.0
Phase shift p=04,¢=0.7 0.2 0.0
Random frequency mask k ~[0.01,0.1) 0.5 0.0
Gaussian mixture mask ¢ =20, 0 ~ [10,15) 0.2 0.0

Table C.2: Augmentation hyperparameters: We provide the parameters used for
each augmentation, both image and FDA along with the probability.
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C.1 Training Setup

We provide all our implementation details for each baseline - SimCLR, BYOL, MoCov2
and SimSiam in Table C.1. We also include linear probing hyperparameters for full

reproducibility.

C.2 Augmentation Hyperparameters

We provide the parameters used for each image and FMA augmentation along with

the probability in the left and right view in Table C.2.
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