
ABSTRACT

Title of Dissertation: PRUNING FOR EFFICIENT
DEEP LEARNING: FROM CNNS
TO GENERATIVE MODELS

Alireza Ganjdanesh
Doctor of Philosophy, 2025

Dissertation Directed by: Professor Heng Huang
Department of Computer Science

Deep learning models have shown remarkable success in visual recognition and gen-

erative modeling tasks in computer vision in the last decade. A general trend is that their

performance improves with an increase in the size of their training data, model capacity,

and training iterations on modern hardware. However, the increase in model size naturally

leads to higher computational complexity and memory footprint, thereby necessitating

high-end hardware for their deployment. This trade-off prevents the deployment of deep

learning models in resource-constrained environments such as robotic applications, mobile

phones, and edge devices employed in the Artificial Internet of Things (AIoT). In addition,

private companies and organizations have to spend significant resources on cloud services

to serve deep models for their customers. In this dissertation, we develop model pruning

and Neural Architecture Search (NAS) methods to improve the inference efficiency of deep

learning models for visual recognition and generative modeling applications. We design our



methods to be tailored to the unique characteristics of each model and its task.

In the first part, we present model pruning and efficient NAS methods for Convolu-

tional Neural Network (CNN) classifiers. We start by proposing a pruning method that

leverages interpretations of a pretrained model’s decisions to prune its redundant struc-

tures. Then, we provide an efficient NAS method to learn kernel sizes of a CNN model

using their training dataset and given a parameter budget for the model, enabling designing

efficient CNNs customized for their target application. Finally, we develop a framework

for simultaneous pretraining and pruning of CNNs, which combines the first two stage

of the pretrain-prune-finetune pipeline commonly used in model pruning and reduces its

complexity.

In the second part, we propose model pruning methods for visual generative mod-

els. First, we present a pruning method for conditional Generative Adversarial Networks

(GANs) in which we prune the generator and discriminator models in a collaborative man-

ner. We then address the inference efficiency of diffusion models by proposing a method

that prunes a pretrained diffusion model into a mixture of efficient experts, each handling

a separate part of the denoising process. Finally, we develop an adaptive prompt-tailored

pruning method for modern text-to-image diffusion models. It prunes a pretrained model

like Stable Diffusion into a mixture of efficient experts such that each expert specializes in

certain type of input prompts.
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Chapter 1: Introduction

1.1 Motivation

Deep learning methods have achieved unprecedented capabilities for visual recogni-

tion and generative modeling tasks in computer vision in the past decade. They have

significantly outperformed hand-crafted baselines on traditional image classification (as-

signing a label to an input image) and object detection (localizing as well as classifying

objects within an image) benchmarks. Moreover, deep vision language models like GPT-

4 [14], Gemini [15], and LLaVA [16] have made significant strides, enabling them to provide

fine-grained text descriptions that not only identify objects in their input images, but also

explain their relationships and attributes. In addition, modern deep generative models

like DALL-E [17], Stable Diffusion [1], Imagen [18], and Adobe Firefly [19] can generate

high-quality, realistic, and detailed images given input text prompts. They have also shown

an impressive performance for prompt-based image editing. Thus, deploying deep learn-

ing models in various real-world applications like disease diagnosis, autonomous driving,

robotics, and content creation is of a great interest. The key ingredient of their success is

that they can learn to extract or generate useful patterns for downstream tasks from vast

amounts of data.

Empirical trends in the literature indicate that the performance of deep models im-
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proves when they benefit from 1) an increased training sample size, 2) higher architectural

capacity (also known as model size), and 3) longer training schedules using modern hard-

wares. These factors have driven the development of large-scale models with billions of

parameters, feuling a race among private companies to push the peformance boundaries

of deep models by increasing the model size. For instance, the vision language LLaVA

V1.5 [20] and QWEN2-VL [21] models are among the top performing models in multimodal

vision and language modeling tasks like object localization and visual question answering.

LLaVA V1.5 has two variants with 7 and 13 Billion parameters, and QWEN2-VL has three

variants of 2, 7, and 72 Billion parameters. Similarly, the Stable Diffusion (SD) models have

shown improved performance in image generation and editing tasks from SD-V1 with about

980M to SD-XL [22] and SD-V3 [23] having about 3.5B and 8B parameters, respectively.

However, the increase in model size leads to a natural trade-off between model per-

formance vs. computational complexity and memory footprint, thereby making the de-

ployment of these models challenging or even infeasible in various real-world scenarios. On

the one hand, organizations and private companies need to invest in expensive GPU or

TPU clusters or spend excessive budgets to rent them from cloud providers to serve their

models for their customers. On the other hand, directly deploying large-scale models for

edge applications like smartphones, robotics, self-driving cars, and the Artificial Internet

of Things (AIoT) exhausts their limited memory, computational resources, and battery.

Further, these applications demand real-time inference and low-latency responses, which

are infeasible to achieve if one runs large-scale models with the limited computational

resources available in these applications. Therefore, compressing and reducing the com-

putational burden of deep models while maintaining their performance is crucial before
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deploying them in practice.

Model pruning is an efficient and effective technique for compressing trained over-

parameterized deep models to improve their inference efficiency. In fact, it has been shown

[24, 25] that over-parameterization is beneficial for the optimization and generalization of

deep models. Further, one can prune these models to a simple one without significantly

affecting their performance, but directly training the pruned model from scratch typically

results in worse performance due to the optimization difficulties [25]. Model pruning can

be fine-grained, called weight pruning, in which individual weights of a model are removed.

It can achieve high compression rates, significantly reducing required storage memory, but

weight pruning usually cannot provide inference speed up in practice. The reason is that

GPUs and TPUs cannot effectively utilize irregular sparsity patterns, and one needs to use

inference engines like EIE [26] to exploit the sparsity to accelerate the inference. Differently,

structural pruning removes channels or depth layers of the model, thereby both reducing the

model size and accelerating its inference on modern hardware like GPUs without requiring

post-processing or special inference libraries. Thus, structural pruning is more practical for

real-world applications and has been widely used in different domains.

In this dissertation, we develop structural pruning and architecture search

techniques to reduce the memory footprint and improve the inference efficiency

of deep visual recognition and generative models, tailored to their unique char-

acteristics and requirements. Therefore, we focus on the following two main research

directions that are:

I. Inference Efficiency of Visual Recognition Models, where we develop struc-
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tural pruning and efficient architecture search methods for Convolutional Neural Net-

works (CNN) classifiers to achieve compact models given different constraints on the

model’s computational requirements like the model’s number of Multiply-Accumulate

operations (MACs) and parameter count. We mainly contribute to three main aspects

of this research direction:

First, we approach the pruning problem from a novel perspective and aim to answer

whether one can use interpretations of a CNN classifier’s decisions to prune it. This is

in contrast with the prominent techniques that either focus on the model’s outputs or

weights to prune it. We discuss in Chapter 2 that existing interpretation techniques

are either shown to be indepedent of the model’s decisions or are computationally

expensive for pruning. Thus, we develop an amortized explanation model tailored for

CNN classifiers and employ it in our framework to guide the pruning process.

Second, we introduce an efficient architecture search method to find kernel sizes for

CNNs (Chapter 3). Although kernel sizes are crucial design choices for CNNs’ perfor-

mance and efficiency, existing architectures usually contain convolution layers with

fixed kernel sizes stacked on top of each other. This design choice is suboptimal since

it does not consider the target task. We propose a differentiable architecture search

method that determines kernel sizes given a training dataset and parameter bud-

get, securing up to 60× speed up compared to the baseline methods while achieving

superior final performance.

Third, we develop a method that reduces the complexity of the pruning process

for CNNs. Typically, structural pruning methods perform a three-step process of
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pretraining the model, pruning it, and then fine-tuning the pruned model, and each

step has its own design choices and hyperparameters. We propose a method that

accomplishes the first two steps at the same time using a reinforcement learning agent

that learns to determine the optimal structure of the model during the pretraining

phase (Chapter 4). By doing so, we improve the efficiency of the pruning process.

II. Inference Acceleration for Deep Generative Models: Due to their fundumental

differences, existing pruning methods for discriminative models are not directly ap-

plicable to generative models, and heuristically stacking them for pruning generative

models usually leads to unsatisfactory performance. Therefore, We design pruning

techniques for conditional Generative Adversarial Networks (GANs) and modern dif-

fusion models while taking their specific characteristics into account.

First, we address pruning a conditional GAN model. In contrast with previous works

that mainly apply distillation, we focus on the learned density structure of a pre-

trained GAN model as a generative model. Specifically, we propose a structural

pruning method that encourages the pruned model to preserve local density struc-

tures of the original model on neighborhoods of its learned manifold, resembling the

kernel density estimation method. Further, we design a collaborative pruning scheme

in which two agents prune both the generator and discriminator by exchanging feed-

back. Thus, our method can properly maintain the balance between capacities of two

models during pruning and alleviate mode collapse during the pruning process, which

is a common challenge with baselines.

Second, we leverage the gradual denoising process of modern diffusion models to
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prune them into a mixture of efficient experts, each one handling a separate part of

the denoising path of the model’s sampling process. We propose a dataset-specific

approach to cluster the denoising timesteps into intervals using their alignment scores

and assign a separate expert to each interval. We introduce a framework in which

we prune the experts for the intervals simultaneously, thereby allocating compute

resources between them automatically.

Finally, we design a pruning approach tailored for Text-to-image (T2I) diffusion mod-

els. Precisely, our method prunes a pretrained T2I diffusion model into a set of effi-

cient experts such that each expert is a specialized model for the prompts routed to

it. Our method is the first one that enables using different amounts of compute re-

sources for various prompt types. We do so using a prompt router model that routes

input prompts to a set of architecture codes that determine the sub-network of the

model to be used. We design a framework in which we train both the prompt router

and the architecture codes in an end-to-end manner.

1.2 Dissertation Outline

The structure of this dissertation follows the organization of the research topics dis-

cussed in the Sec. 1.1. Accordingly, we divide the dissertation into two parts, addressing

inference efficiency of visual recognition models in Part I (Chapter 2, Chapter 3, and Chap-

ter 4) and deep generative models in Part II (Chapter 5, Chapter 6, and Chapter 7).

In general, pruning and architecture search for neural networks can be formulated as

a combinatorial “selection” problem in which one should determine whether to preserve or
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remove each structural component of the model. In the case of deep over-parameterized

models, the search space of the model configurations is discrete, complex, and exponen-

tially large, and the design choices are highly non-trivial. Further, the evaluation of the

model configurations is extremely costly as each evaluation requires training the model from

scratch. In this dissertation, we design algorithms to tackle the model pruning and archi-

tecture search problems efficiently. The general framework of our ideas is that we convert

the discrete optimization problem of pruning and architecture search as a continuous one,

and by doing so, we leverage gradient-based optimization techniques to efficiently search

for compact, high-performing architectures. In more details, we implement our “selection”

scheme using a neural network that can be trained end-to-end by employing differentiable

selection gates and propagating gradients using the straight-through estimator. We briefly

describe our design choices to adapt our framework for different discriminative and gener-

ative models in the following.

In the part I, we address inference efficiency of CNNs. CNNs have consistently shown

state-of-the-art performance on various computer vision tasks, surpassing Transformers

[27, 28] and other counterparts [29, 30]. Therefore, optimizing CNNs’ architectures for

inference efficiency is practically crucial. In Chapter 2, Chapter 3, and Chapter 4, we

develop techniques for pruning and designing CNN architectures to make them efficient for

inference.

In Chapter 2, we propose a pruning method that leverages interpretations of a CNN’s

predictions to guide its pruning process. Existing channel pruning algorithms approach the

pruning problem from various perspectives and use different metrics to guide the pruning

process. However, these metrics mainly focus on the model’s ‘outputs’ or ‘weights’ and ne-
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glect its ‘interpretations’ information. To fill in this gap, we propose to address the channel

pruning problem from a novel perspective by leveraging the interpretations of a model to

steer the pruning process, thereby utilizing information from both inputs and outputs of

the model. However, existing interpretation methods cannot get deployed to achieve our

goal as either they are inefficient for pruning or may predict non-coherent explanations.

We tackle this challenge by introducing a selector model that predicts real-time smooth

saliency masks for pruned models. We parameterize the distribution of explanatory masks

by Radial Basis Function (RBF)-like functions to incorporate geometric prior of natural

images in our selector model’s inductive bias. Thus, we can obtain compact representations

of explanations to reduce the computational costs of our pruning method. We leverage our

selector model to steer the network pruning by maximizing the similarity of explanatory

representations for the pruned and original models.

Chapter 3 presents an efficient kernel size learning method for CNNs. Determining

kernel sizes of a CNN model is a crucial and non-trivial design choice and significantly

impacts its performance and efficiency. The majority of existing kernel size design methods

rely on complex heuristic tricks or leverage neural architecture search that requires extreme

computational resources. Thus, learning kernel sizes, using methods such as modeling ker-

nels as a combination of basis functions, jointly with the model weights has been proposed

as a workaround. However, previous methods cannot achieve satisfactory results or are

inefficient for high-resolution and large-scale datasets. To fill this gap, we design an effi-

cient kernel size learning method in which a size predictor model learns to predict optimal

kernel sizes for a classifier given a desired number of parameters. It does so in collaboration

with a kernel predictor model that predicts the weights of the kernels - given kernel sizes
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predicted by the size predictor - to minimize the training objective, and both models are

trained end-to-end. Our method only needs a small fraction of the training epochs of the

original CNN to train these two models and find proper kernel sizes for it. Thus, it offers

an efficient and effective solution for the kernel size learning problem.

In Chapter 4, we introduce a method to reduce the complexity of the model prun-

ing process. The majority of structural pruning ideas require a pretrained model before

pruning, which is costly to secure. We propose a novel structural pruning approach to

jointly learn the weights and structurally prune architectures of CNN models. The core

element of our method is a Reinforcement Learning (RL) agent whose actions determine

the pruning ratios of the CNN model’s layers, and the resulting model’s accuracy serves as

its reward. We conduct the joint training and pruning by iteratively training the model’s

weights and the agent’s policy, and we regularize the model’s weights to align with the

selected structure by the agent. The evolving model’s weights result in a dynamic reward

function for the agent, which prevents using prominent episodic RL methods with station-

ary environment assumption for our purpose. We address this challenge by designing a

mechanism to model the complex changing dynamics of the reward function and provide

a representation of it to the RL agent. To do so, we take a learnable embedding for each

training epoch and employ a recurrent model to calculate a representation of the changing

environment. We train the recurrent model and embeddings using a decoder model to

reconstruct observed rewards. Such a design empowers our agent to effectively leverage

episodic observations along with the environment representations to learn a proper policy

to determine performant sub-networks of the CNN model.

In the part II, we propose model pruning techniques to improve the inference efficiency
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of deep generative models. First, we introduce a method to prune conditional GANs in

Chapter 5. Although diffusion models have achieved state-of-the-art performance on various

generative modeling tasks, they are still computationally expensive and slow to sample

from, requiring tens to hundreds of forward passes to generate a sample. In contrast, GANs

can generate samples in a single forward pass, making them more practical for real-time

applications. Therefore, pruning GANs can prepare them to be deployed in low-latency

applications. Then, we address the inference efficiency of diffusion models in Chapter 6 and

Chapter 7. We propose a pruning approach for diffusion models by leveraging their gradual

sampling process in Chapter 6. Finally, we develop a prompt-based pruning framework for

text-to-image diffusion models in Chapter 7.

We present our method for pruning conditional GANs in Chapter 5. GANs have

shown remarkable success in modeling complex data distributions for image-to-image trans-

lation. Still, their high computational demands prohibit their deployment in practical sce-

narios like edge devices. Existing GAN compression methods mainly rely on knowledge

distillation or convolutional classifiers’ pruning techniques. Thus, they neglect the critical

characteristic of GANs: their local density structure over their learned manifold. Accord-

ingly, we approach GAN compression from a new perspective by explicitly encouraging

the pruned model to preserve the density structure of the original parameter-heavy model

on its learned manifold. We facilitate this objective for the pruned model by partitioning

the learned manifold of the original generator into local neighborhoods around its gener-

ated samples. Then, we propose a pruning objective to regularize the pruned model to

preserve the local density structure over each neighborhood, resembling the kernel density

estimation method. Also, we develop a collaborative pruning scheme in which the discrim-
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inator and generator are pruned by two pruning agents. We design the agents to capture

interactions between the generator and discriminator by exchanging their peer’s feedback

when determining their corresponding models’ architectures. Thanks to such a design, our

pruning method can efficiently find performant sub-networks and can maintain the balance

between the generator and discriminator more effectively compared to baselines during

pruning, thereby showing more stable pruning dynamics.

In Chapter 6, we propose a pruning method to reduce the sampling cost of diffusion

models. Diffusion models have shown better mode coverage and superior image generation

quality compared to GANs. Yet, their sampling process requires numerous denoising steps,

making it slow and computationally intensive. We propose to reduce the sampling cost by

pruning a pretrained diffusion model into a mixture of efficient experts. First, we study

the similarities between pairs of denoising timesteps, observing a natural clustering, even

across different datasets. This suggests that rather than having a single model for all time

steps, separate models can serve as “experts” for their respective time intervals. As such,

we separately fine-tune the pretrained model on each interval, with elastic dimensions in

depth and width, to obtain experts specialized in their corresponding denoising interval.

To optimize the resource usage between experts, we introduce our Expert Routing Agent,

which learns to select a set of proper network configurations. By doing so, our method

can allocate the computing budget between the experts in an end-to-end manner without

requiring manual heuristics. Finally, with a selected configuration, we fine-tune our pruned

experts to obtain our mixture of efficient experts.

We present our prompt-based pruning method for text-to-image diffusion models in

Chapter 7. Text-to-image (T2I) diffusion models have demonstrated impressive image
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generation capabilities, synthesizing novel images given an input text prompt. Still, their

computational intensity prohibits resource-constrained organizations from deploying T2I

models after fine-tuning them on their internal target data. While pruning techniques

offer a potential solution to reduce the computational burden of T2I models, static pruning

methods use the same pruned model for all input prompts, overlooking the varying capacity

requirements of different prompts. Dynamic pruning addresses this issue by utilizing a

separate sub-network for each prompt, but it prevents batch parallelism on GPUs. To

overcome these limitations, we introduce Adaptive Prompt-Tailored Pruning (APTP), a

novel prompt-based pruning method designed for T2I diffusion models. Central to our

approach is a prompt router model, which learns to determine the required capacity for

an input text prompt and routes it to an architecture code, given a total desired compute

budget for prompts. Each architecture code represents a specialized model tailored to the

prompts assigned to it, and the number of codes is a hyperparameter. We train the prompt

router and architecture codes using contrastive learning, ensuring that similar prompts

are mapped to nearby codes. Further, we employ optimal transport to prevent the codes

from collapsing into a single one. We demonstrate APTP’s effectiveness by pruning Stable

Diffusion (SD) V2.1 using CC3M and COCO as target datasets. APTP outperforms the

single-model pruning baselines in terms of FID, CLIP, and CMMD scores. Our analysis

of the clusters learned by APTP reveals they are semantically meaningful. We also show

that APTP can automatically discover previously empirically found challenging prompts

for SD, e.g., prompts for generating text images, assigning them to higher capacity codes.

Finally, we conclude the dissertation in Chapter 8 by summarizing our contributions,

discussing the future directions, and putting our work in the context of the broader research
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landscape.
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Part I

Pruning and Efficient Architecture Search Techniques for Convolutional Neural Networks
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Chapter 2: Interpretations Steered Network Pruning via Amortized In-

ferred Saliency Maps

2.1 Introduction

Convolutional Neural Networks (CNNs) have been continuously achieving state-of-

the-art results on various computer vision tasks [31, 32, 33, 34, 35, 36, 37], but the required

resources of popular deep models [38, 39, 40] are also exploding. Their substantial com-

putational and storage costs prohibit deploying these models in edge and mobile devices,

making the CNN compression problem a crucial task. Many ideas have attempted to ad-

dress this problem to reduce models’ sizes while maintaining their prediction performance.

These ideas can usually be classified into one of the model compression methods categories:

weight pruning [41], weight quantization [42, 43], structural pruning [44], knowledge distil-

lation [45], neural architecture search [46], etc.

We focus on pruning channels of CNNs (structural pruning) since it can effectively

and practically reduce the computational costs of a deep model without any post-processing

steps or specifically designed hardware. Although existing channel pruning methods have

achieved excellent results, they do not consider the model’s interpretations during the

pruning process. They tackle the pruning problem from various perspectives such as rein-
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forcement learning [46], greedy search [47], and evolutionary algorithms [48]. In addition,

they have utilized a wide range of metrics like channels’ norm [44], loss [49], and accu-

racy [50] as guidance to prune the model. Thus, they emphasize the model’s outputs or

weights but ignore its valuable interpretations’ information.

We aim to approach the structural model pruning problem from a novel perspective

by exploiting the model’s interpretations (a subset of input features called saliency maps)

to steer the pruning. Our intuition is that the saliency maps of the pruned model should be

similar to the ones for the original model. However, the existing interpretation methods are

either inefficient or unreliable for pruning. Firstly, locally linear models (e.g., LIME [51]

and SHAP [52]) fit a separate linear model to explain the behavior of a nonlinear classifier

in the vicinity of each data point. However, they need to fit a new model in each itera-

tion of pruning that the classifier’s architecture changes, which makes them inefficient for

pruning. Secondly, previous works [53, 54] empirically observed that a feature importance

assignment of Gradient-based methods (e.g., Grad-CAM [55] and DeepLIFT [56]) might

not be more meaningful than random. Moreover, Srinivas and Fleuret [57] theoretically

showed that the input gradients used by these methods might seem explanatory as they

are related to an implicit generative model hidden in the classifiers [58], not their discrim-

inative function. Thus, their usage for interpreting classifiers should be avoided. Finally,

perturbation-based methods [59, 60] need multiple forward passes and rely on perturbed

samples that are out-of-distribution for the trained model [53] to obtain its explanations.

Hence, they are neither efficient nor reliable for pruning. Different from the mentioned

methods, Amortized Explanation Models (AEMs) [4, 61, 62] provide a theoretical

framework to obtain a model’s interpretations. They train a fast saliency prediction model
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that can be applied in real-time systems as it can provide saliency maps with a single for-

ward pass, making them suitable for pruning. We refer to section 2.2 for more discussion

on interpretation methods.

In this chapter, at first, we provide a new AEM method that overcomes the disadvan-

tages of previous AEM models, and then, we employ it to prune convolutional classifiers.

Previous AEMs [4, 61, 62] cannot be applied to guide pruning due to several key draw-

backs. REAL-X [4] proved that L2X [61] and INVASE [62] could suffer from degenerate

cases where the saliency map selector predicts meaningless explanations. Although REAL-

X overcomes this problem, it generates masks independently for each input feature (pixel).

Thus, it neglects the geometric prior [63] in natural images that adjacent features (pix-

els) often correlate to each other. We empirically show in Section 2.3.3 and Fig. 2.4 that

the saliency maps predicted by REAL-X may lack visual interpretability. In addition, the

provided explanations have the same size as the input image, which also adds non-trivial

computational costs when used for pruning. We propose a novel AEM model to tackle

these problems. In contrast with REAL-X, which assumes features’ independence, we em-

ploy a proper geometric prior in our model. We use a Radial Basis Function (RBF)-like

function to parameterize saliency masks’ distribution. By doing so, the mask generation

is no longer independent for each pixel in our framework. Moreover, it enables us to infer

explanations for each image with only three parameters (center coordinates and kernel ex-

pansion), saving lots of computations. We utilize such compact saliency representations to

steer network pruning by reconstruction in real-time. We also find that merging guidance

from the model’s interpretations and outputs can further improve the pruning results. Our

experimental results on benchmark datasets illustrate that our new interpretation steered
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pruning method can consistently achieve superior performance compared to baselines. Our

contributions are as follows:

• We propose a novel structural pruning method for CNNs designed from a new and

different perspective compared to existing methods. We utilize the model’s deci-

sions’ interpretations to steer the pruning procedure. By doing so, we effectively

merge the guidance from the model’s interpretations and outputs to discover the

high-performance sub-networks.

• We introduce a new Amortized Explanation Model (AEM) such that we embed a

proper geometric prior for natural images in the inductive bias of our model and enable

it to predict smooth explanations for input images. We parameterize the distribution

of saliency masks using RBF-like functions. Thus, our AEM can provide compact

explanatory representations and save computational costs. Further, it empowers us

to dynamically obtain saliency maps of pruned models and leverage them to steer the

pruning procedure.

The contents of this chapter are based on our work [64] published in ECCV 2022.

2.2 Related Works

2.2.1 Interpretation Methods

Interpretation methods can get classified into four [4] main categories:

1. Gradient-based methods such as CAM [65], Grad-CAM [55], DeepLIFT [56],

and LRP [66] rely on the gradients of outputs of a model w.r.t input features and assume
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features with larger gradients have more influence on the model’s outcome [67, 68, 69], which

is shown is not necessarily a valid assumption [70]. In addition, their feature importance

assignment might not be more meaningful than random assignment [53, 54, 57], which

makes them unreliable for pruning. Further, Srinivas and Fleuret [57] theoretically proved

that input gradients are equal to the score function for the implicit generative model in

classifiers [58] and are not related to the discriminative function of classifiers. Thus, they

are not interpretations of the model’s predictions.

2. Perturbation-based models explore the effect of perturbing input features on

the model’s output or inner layers to conclude their importance [59, 60, 71]. Yet, they are

inefficient for pruning as they need multiple forward passes to obtain importance scores.

Also, they may underestimate features’ importance [56].

3. Locally Linear Models fit a linear model to approximate the behavior of a

classifier in the vicinity of each data point [51, 52]. However, they require to fit a new

model for each sample when the model’s architecture changes during pruning, which makes

them inefficient for pruning. Also, they rely on the classifier’s output for out-of-distribution

samples to train the linear model [53], which makes them undependable.

4. Amortized Explanation Models (AEMs) [4, 61, 62, 72] overcome the inef-

ficiencies of the previous methods by training a global model - called selector [4] - that

amortizes the cost of inferring saliency maps for each sample by selecting salient input

features with a single forward pass. AEMs [4, 61, 62] provide a theoretical framework

to train the selector model. To do so, they use a second predictor model that estimates

the classifier’s output target distribution given an input masked by the selector model’s

predicted mask. L2X [61] and INVASE [62] jointly train the selector and predictor. How-
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ever, REAL-X [4] proved that doing so results in degenerate cases. REAL-X overcame

this problem by training the predictor model separately with random masks. However, we

show in section 2.3.3 that its predicted masks may not be interpretable for complex image

classifiers. Our conjecture for a reason is that it neglects geometric prior [63] of natural

images that nearby pixels correlate more to each other.

2.2.2 Network Compression

Weight pruning [41] and quantization [42, 43], structural pruning [44, 73, 74, 75,

76, 77, 78, 79, 80, 81], knowledge distillation [45], and NAS [46] are popular directions

for compressing CNNs. Structural pruning has attracted more attention as it can readily

decrease the computational burden of CNN models without any specific hardware changes.

Early channel pruning methods [44] propose that the channels with larger norms are more

critical and remove weights/filters with small L1/L2 norm. L1 penalty can also be applied

to scaling factors of batchnorm [82] to remove redundant channels [83]. Recent channel

pruning methods adopt more sophisticated designs. Automatic model compression [46]

learns the width of each layer with reinforcement learning. Metapruning [50] generates

parameters for subnetworks and uses evolutionary algorithms to find the best subnetwork.

Greedy subnetwork selection [47] greedily chooses each channel based on their L2 norm.

Pruning can be also used for fairness [84]. We refer to [85] for a more detailed discussion

of pruning techniques.
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2.2.3 Network Pruning Using Interpretations

There are a few recent works that attempt to use interpretations of a model to deter-

mine importance scores of its weights. Sabih et al. [86] leverage DeepLIFT [56]; Yeom et

al. [87] use LRP [66]; and Yao et al. [88] utilize activation maximization [59] to deter-

mine weights’ importance. However, all these methods use gradient-based methods that,

as mentioned above, their predictions are unreliable and should not be used as the model’s

interpretations. Alqahtani et al. [89] visualize feature maps in the input space and use a

segmentation model to find the filters that have the highest alignment with visual con-

cepts. Nonetheless, their method needs an accurate segmentation model to find reliable

importance scores for filters, which may not be available in some domains. We develop a

new AEM model that is theoretically supported and improves REAL-X [4]. Moreover, in

contrast with these methods, our pruning method finds the optimal subnetwork end-to-end.

We also show in section 2.4.2 that our model outperforms [89].

2.3 Methodology

2.3.1 Overview

We present a novel pruning method in which we steer the pruning process of CNN

classifiers using feature-wise interpretations of their decisions. At first, we develop a new

intuitive AEM model that overcomes the limitations of REAL-X [4] (state-of-the-art AEM).

The reason is that we incorporate the geometric prior of high correlation between adjacent

input features (pixels) [63] in the images in the inductive bias of our AEM model. We
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parameterize the distribution of saliency masks using Radial Basis Function (RBF)-style

functions. By doing so, we can represent interpretations (saliency maps) of input images

compactly. Then, we elaborate on our pruning method in which we leverage our AEM

model to provide interpretations of the original and pruned classifiers. Our intuition is that

saliency maps of the original and pruned models should be similar. Thus, we propose a

new loss function for pruning that encourages the pruned model to have similar saliency

explanations to the original one. In the following sub-sections, we introduce AEM methods

and empirically show the limitations of REAL-X. Then, we elaborate on our method and

its intuitions to tackle the drawbacks of previous AEMs. Finally, we present our pruning

scheme.

2.3.2 Notations

We denote our dataset as D = {(x(i), y(i))}N
i=1 such that (x, y) ∼ P(x, y) where P is

the unknown underlying joint distribution over features and targets, and we assume that

x ∈ R
D and y ∈ {1, 2, . . . , K}. We show the jth feature of sample x by xj and represent a

mask m by the indices of the input features that it preserves, i.e., m ⊆ {1, 2, . . . , D} and

a masked input m(x) is defined as follows:

m(x) = mask(x, m) =



























xj j ∈ m

01 Otherwise

(2.1)

We call the model that we aim to prune as the ‘classifier’ in following sections.

1We use zero values for the masked input features following the literature.[4, 61, 62]
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2.3.3 Amortized Explanation Models (AEMs)

AEMs are a subgroup of Instance-Wise Feature Selection (IWFS) methods that aim

to compute a mask with minimum cardinality for each input sample that preserves its

outcome-related features. An outcome may be a classifier’s predictions (usually calculated

as a softmax distribution) for interpretation purposes. It can also be the population distri-

bution of the targets (one-hot representations) when performing dimensionality reduction

on the original raw data [4, 61, 62]. Although previous works [4, 61, 62] describe their

formulation for the latter, we focus on the former here.

Concretely, if Qclass(y|x) be the classifier’s conditional distribution of targets given

input features, the objective of AEM models is to find a mask m(x) for each sample x such

that

Qclass(y|x = x) = Qclass(y|x = m(x)) (2.2)

AEMs tackle this problem by training a global model called selector that learns to

predict a local (sample dependent) mask m(x) for each sample x [4]. They train the selector

by encouraging it to follow Eq. 2.2. To do so, one should quantify the discrepancy between

the RHS and LHS of Eq. 2.2 when the selector model generates the mask m in the RHS.

The LHS can be readily calculated by forwarding the sample x into the classifier. However,

the classifier should not be used to compute the RHS because the masked sample m(x) is

an out-of-distribution input for it [4]. AEMs solve this issue by training a predictor model

that predicts the conditional distribution of the classifier given a masked input. (RHS of

Eq. 2.2) Then, they train the selector guided by the supervision from the predictor. We
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present the formulation of REAL-X [4] in supplementary S2.1.

2.3.3.1 Visualization of REAL-X Predictions

We visualize predicted explanations of REAL-X for a ResNet-56 model [39] trained

on CIFAR-10 [5] in Fig. 2.4(a). (we refer to supplementary S2.3 for implementation details)

As can be seen, the formulation of REAL-X cannot guide the selector model to learn to

select a coherent subset of input pixels of the salient parts of the images. Thus, it may not

provide interpretable explanations for the classifier. Our conjecture for the cause is that the

formulation of REAL-X does not include a proper inductive bias related to natural images

in the selector model. Typically, nearby pixels’ values and semantic information are more

correlated in natural images, known as their geometric prior [63]. REAL-X does not have

such a prior in its formulation because it factorizes the explanatory masks’ distribution

given an input x as:

qsel(m|x; β) =
D
∏

i=1

qi(mi|x; β) (2.3)

where qi(mi|x; β) ∼ Bernoulli((fβ(x))i), i.e., the distribution over the selector’s output

mask is factorized as a product of marginal Bernoulli distributions over mask’s elements,

and the parameter for each element gets calculated independently. (fβ(x) is the selector

model parameterized by β). Hence, the selector model does not have the inductive bias

that parameters of nearby Bernoulli distributions should be close to each other to make

the sampled masks coherent. Instead, it should ‘discover’ such prior during training, which

is infeasible with limited data and training epochs in practice.
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(a) REAL-X[4] (b) Ours

Figure 2.1: Input features selected by a) REAL-X [4] and b) our model to explain
decisions of a ResNet-56 classifier for samples from CIFAR-10 [5]. In the sub-figures from
left to right: 1st column shows the original image. Both models output an array (2nd
columns) that each value of it is the parameter of the predicted Bernoulli distribution over
the corresponding mask pixel. In the 3rd column, we show the masks generated such that
a pixel’s value is one provided that its predicted Bernoulli parameter is bigger than 0.5 and
zero otherwise. The 4th columns show the masked inputs. Our model’s explanations are
easier to interpret than the ones by REAL-X that may seem random for some samples.

2.3.4 Proposed AEM Model

We introduce a new selector scheme that respects the proximity geometric prior. To

do so, we assume that the parameters of the Bernoulli distributions of mask pixels should

have a Radial Basis Function (RBF) style functional form over the pixels. The center of

the RBF kernel should be on the salient part of the image most relevant to the classifier’s

prediction, and the Bernoulli parameters should decrease as the pixel location gets far

from the kernel’s center. A parameter σ controls the area of a mask. Our assumption is

reasonable for multi-class classifiers in which, typically, a single object/region in their input

image determines the target class. Formally, considering a 2D mask that its coordinates are

parametrized by (z, t) and the parameters of a 2D RBF kernel being (cz, ct, σ), we calculate

the Bernoulli parameter (BP) of a pixel at location (z, t) as follows:
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fBP (z, t; cz, ct, σ) = exp
{

(
−1

2σ2
[(z − cz)2 + (t − ct)

2])
}

(2.4)

This formulation has two crucial benefits: 1) It ensures that Bernoulli parameters of a

mask’s proximal pixels are close to each other. Thus, the resulting sampled masks will be

much more coherent and smooth than REAL-X. 2) It simplifies the selector model’s task

significantly. In REAL-X, the selector should learn how to calculate Bernoulli parameters

for each pixel that, for instance, will be 224 × 224 = 50176 independent functions for the

standard ImageNet [31] training. In contrast, in our formulation, the selector should only

learn to accurately estimate three values corresponding to the center’s coordinates (cz, ct)

and an expanding parameter σ for the RBF kernel. Given the estimated values, Bernoulli

parameters of the output mask’s pixels can be readily calculated by Eq. 2.4. In other words,

if the input images have spatial dimensions M ∗ N , and we denote the selector function

(implemented by a deep neural network) with fsel(x; β), our selector’s distribution over

masks given input images is:

[cz, ct, σ] = fsel(x; β)

qi,j(mi,j|x; β) = Bernoulli(fBP (i, j; cz, ct, σ))

qsel(m|x; β) =
M
∏

i=1

N
∏

j=1

qi,j(mi,j|x; β)

(2.5)

In Eq. 2.5, β denotes the selector’s parameters, and we illustrate a predicted RBF kernel by

our selector in Fig. 2.2. In summary, our intuition is that by incorporating the geometric

prior in the inductive bias of our framework, the selector will search for proper functional

form for Bernoulli parameters over pixels’ locations in the RBF family of functions, not all
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possible ones. As a result, it can find the optimal functional form more readily and robustly.

Moreover, our selector model can provide a real-time and compact representation (RBF

parameters) for saliency maps, which enables us to efficiently compare the interpretations

of the original and pruned models to steer the pruning process. (section 2.3.6, Fig. 2.3)

2.3.5 AEM Training

We train our selector model by encouraging it to generate an explanatory mask m for

each sample x such that it follows Eq. 2.2. To do so, as mentioned in section 2.3.3, we need

to estimate the classifier’s conditional distribution of targets given masked inputs (RHS of

Eq. 2.2) to train our selector model. Such an estimate can quantify the quality of a mask

generated by the selector model by measuring the discrepancy between the LHS and RHS

of Eq. 2.2.

2.3.5.1 Predictor Model

We train a predictor model to calculate the classifier’s conditional distribution of

targets given a masked input. (RHS of Eq. 2.2) As we designed our selector to predict RBF-

style masks (Eq. 2.5), we train our predictor to predict the classifier’s output distribution

when the input is masked by a random RBF-style mask. Using random RBF masks allows

us to mimic any potential RBF-masked input. Hence, our predictor’s training objective is:

min
θ

Lpred(θ) = Ex∼P(x)Ec′

z ,c′

t,σ′ [Em′∼B(m|c′

z ,c′

t,σ′)Lθ(x, m′(x))] (2.6)

where Lθ(·, ·) and B(·) are defined as:
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Figure 2.2: Our AEM model. The goal is to train the selector model on the right (U-
Net model in dashed line) to predict interpretations (saliency maps) of the classifier for
each input sample. We train the selector by encouraging it to follow Eq. 2.2. (Left): We
train a predictor model that learns to predict the classifier’s output distribution given a
masked input (RHS of Eq. 2.2). We do so using inputs masked by random RBF masks as
our selector’s masks have RBF-style. (Sec. 2.3.4) (Right): Given the trained predictor,
we train the selector model using obj. 2.8 that enforces it to follow Eq. 2.2. We use the
classifier’s convolutional backbone as the encoder of the selector and only train its decoder
for computational efficiency. Then, we use the trained decoder to prune the encoder.
(Fig. 2.3)

Lθ(x, m′(x)) = KL(Qclass(y|x = x), qpred(y|x = m′(x); θ))

B(m|c′
z, c′

t, σ′) =
M
∏

i=1

N
∏

j=1

Bernoulli(fBP (i, j; c′
z, c′

t, σ′))

(2.7)

Eq. (2.6), Lθ form the predictor’s objective to learn the conditional distribution of the

classifier for targets given masked inputs (RHS of Eq. 2.2). B(·) generates random masks

with random RBF style (fBP ), and KL denotes Kullback-Leibler divergence [90]. Now, we

should define the distribution for the parameters c′
z, c′

t, and σ′ for a random RBF function.

Let us assume that the origin of our 2D coordinate system is the top left of an input image

with spatial dimensions M , N . In theory, c′
z and c′

t can have any real values, and the σ′

can be any positive real number in Eq. 2.4. However, considering that the salient part[s]
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is inside the image region, we are interested that the predictor learns to correctly estimate

Qclass(y|x = m(x)) (RHS of Eq. 2.2) when the selector predicts that the center of the RBF

kernel is inside the image area. Hence, we assume that the distributions of c′
z and c′

t are

uniform across image dimensions, i.e., c′
z ∼ U [0, M ] and c′

t ∼ U [0, N ]. In addition, the

parameter σ′ determines the degree that an RBF kernel expands on the image, and the

values σ′ ≥ 2 ∗ max{M, N} practically provide the same Bernoulli parameters for all

the mask’s pixels when c′
z and c′

t are in the image region. Thus, we can reasonably assume

that σ′ ∼ U [0, 2 ∗ max{M, N}] for training the predictor in practice.

2.3.5.2 Selector Training

Given a predictor model denoted by qpred and trained with random RBF masks, we

train our selector model with the following objective:

min
β

Lsel(β) = Ex∼P(x)Em′∼qsel(m|x;β)[L(x, m′(x)) + λ1R(m′) + λ2S(m′)] (2.8)

such that L(·, ·), R(·), and S(·) are defined as:

L(x, m′(x)) = KL(Qclass(y|x = x), qpred(y|x = m′(x))),

R(m′) = ||m′||0, S(m′) =
M
∑

i=1

N
∑

j=1

[(m′
i,j − m′

i+1,j)
2 + (m′

i,j − m′
i,j+1)

2]

(2.9)

L(x, m′(x)) encourages the selector to follow Eq. 2.2 as qpred(y|x = m′(x)) approximates

the RHS of Eq. 2.2 given an input masked by the RBF mask predicted by the selector.

R(m′) regularizes the number of selected features. We add the smoothness loss S(m′)
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Figure 2.3: Our pruning method. The classifier to be pruned is shown on top. (Conv layers
and FC). The U-Net (Conv layers and the Decoder) is our trained selector model that can
predict RBF parameters of the saliency map of each input for the classifier. The selector
model is trained such that the pretrained backbone of the classifier is used as its encoder
(Conv layers) and kept frozen during training. (see Fig. 2.2) Thus, we freeze the selector
and classifier’s weights and insert our pruning gates between the selector’s encoder layers
for pruning the classifier. Given a pruning pair (a sample and its RBF saliency map’s
parameters for the original classifier), we train the gate parameters to prune the classifier
such that the pruned model have similar interpretations (Linterpr) and accuracy (Lclass) to
the original classifier while requiring lower computational resources (LRes).

to further encourage the selector to output smooth masks. As Eq. 2.8 requires sampling

from predicted distribution by the selector, direct backpropagation of gradients to train its

parameters, β, is not possible. Thus, we use the Gumbel-Sigmoid [91, 92] trick to train the

model. We use a U-Net [93] architecture to implement the selector module of our AEM

model, as shown in Fig. 2.2. We refer to supplementary S2.3 for more details of our AEM

training.
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2.3.6 Pruning

In this section, we introduce our pruning method that leverages interpretations of a

classifier to steer its pruning process. Our intuition is that the interpretations (saliency

maps) of the original and pruned classifiers should be similar. Thus, we design our pruning

method as follows. As discussed in section 2.3.5 and Fig. 2.2, we use the convolutional

backbone of the classifier as the encoder of the U-Net architecture for the selector model. We

keep the encoder weights frozen and only train the decoder when training the selector model

for computational efficiency. (Fig. 2.2) Furthermore, doing so provides us the flexibility to

keep the decoder frozen and prune the encoder such that the pruned model should have

similar output RBF parameters to the original model. (Fig. 2.3)

Formally, we employ our trained selector model to predict saliency maps of the orig-

inal classifier for training samples. For each sample xk, it provides the parameters of the

RBF kernel for its saliency map as Cxk
= [ck

z , ck
t , σk]. Then, we insert our pruning gates,

parameterized by θg, between the layers of the encoder. We represent the architectural

vector generated by the gates with v. Finally, we prune the encoder (classifier’s backbone)

by regularizing the gate parameters to maintain the interpretations and accuracy of the

pruned classifier similar to the original one while reducing its computational budget as

follows:

min
θg

L(f(x; W , v), y) + γ1∥Cx − fsel(x; β, v)∥2
2 + γ2Rres(T (v), pTall) (2.10)
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where L(·, ·) is the classification loss, f(·; W , v) denotes our classifier (encoder of the U-Net

and the FC layer in Fig. 2.3) parameterized by weights W and the subnetwork selection

vector v. fsel(x; β, v) is our trained selector model (fsel(x; β) in Eq. 2.5) augmented by the

architecture vector v after inserting the pruning gates into its encoder. We calculate v using

Gumbel-sigmoid function g(·): v = g(θg) [91, 92], which controls openness or closeness of

a channel. The second term in Eq. 2.10 utilizes the interpretations of the original and

pruned classifiers to steer pruning through the selector model fsel(x; β, v) by encouraging

the similarity of their predicted RBF parameters. Rres is the FLOPs regularization to

ensure the pruned model reaches the desired FLOPs rate pTall. Tall is the total prunable

FLOPs of a model, T (v) is the current FLOPs rate determined by the subnetwork vector

v, and p controls the pruning rate. γ1 and γ2 are hyperparameters to control the strength

of related terms. During pruning, we only optimize θg and keep W and β frozen.

We emphasize that our amortized explanation prediction selector model, fsel(x; β, v),

enables us to readily perform interpretation-steered pruning because it can dynamically

predict each sample’s saliency map’s RBF parameters ([cz, ct, σ]) given the current sub-

network vector v with a single forward pass. In contrast, optimization-based explanation

methods [51, 52] need to fit a new model, and perturbation-based methods [59, 60, 71]

have to make multiple forward passes for the newly selected subnetwork to obtain its ex-

planations. Therefore, they are inefficient to achieve the same goal. We provide the detailed

parameterization of channels (g(·)) and Rres in supplementary S2.3.1.
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(a) (b)

Figure 2.4: (a): Test accuracy of different masks’ parameterization schemes. (RBF
(ours) vs. Independent (REAL-X [4])) (b): Test accuracy w/wo using the classification
loss. All results are for 3 run times with ResNet-56 on CIFAR-10. Shaded areas represent
variance.

2.4 Experiments

We use CIFAR-10 [5] and ImageNet [31] to validate the effectiveness of our proposed

model. We refer to supplementary S2.3 for details of our experimental setup. We call our

method ISP (Interpretations Steered Pruning) in the experiments.

2.4.1 Analysis of Different Settings

Before we formally present our experimental results compared to competitive meth-

ods, we study the effect of different design choices for our model’s components on its

performance. We keep the resource regularization (Rres) term in obj. 2.10 and add/drop

other ones in all settings.

In our first experiment, we explore the impact of γ1 by only using interpretations

(second term of Obj. 2.10) to steer the pruning. Fig. 2.5(a,b) and Fig. 2.4(a) demonstrate
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the results. We can observe in Fig. 2.5(a,b) that small γ1 values (e.g., 0.1) result in a

weaker supervision signal from the interpretations and make the exploration of subnetworks

unstable (showing high variance), whereas larger ones make the training smooth. Fig.

2.4(a) illustrates the influence of RBF/independent masks’ parameterization scheme in

Eq. 2.5 (ours)/Eq. 2.3 (REAL-X [4]). Our RBF-style model brings better performance

than independent parameterization. The latter becomes unstable and less effective when

the training proceeds. The instability happens possibly because the pruning gets trapped

in some local minima due to noisy and unstructured masks. We can also observe that

interpretations on their own provide stable and efficient signals for pruning.

In our second experiment, we examine the impact of γ2 while utilizing all three terms

in objective 2.10 for pruning. Fig. 2.5(c, d) indicates that small γ2 (e.g., 1.0) shows higher

accuracy but may not be able to push the FLOPs regularization to 0, i.e., reach the

predefined pruning rate p. Larger values can satisfy the resource constraint while showing

acceptable performance.

Finally, we examine the performance of different combinations of components in ob-

jective 2.10. The results are available in Fig. 2.4(b). Specifically, ‘w/o Classification Loss’

represents using the second and third terms, ‘only Classification Loss’ indicates using the

first and third ones, and ‘w Classification Loss’ means using the full objective function. It

is plausible that ‘only Classification Loss’ performs better than only interpretations (‘w/o

Classification Loss’) since the loss function is a ‘less noisy’ signal for accuracy compared to

the interpretations. Furthermore, incorporating interpretations enhances the supervision

signal and yields the best performance. This observation indicates that interpretations

contain guidance from different perspectives complementary to the classification loss that
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(a) γ1: accuracy (b) γ1: Rres loss

(c) γ2: accuracy (d) γ2: Rres loss

Figure 2.5: (a), (b): The model’s test accuracy and the FLOPs regularization term when
changing γ1, and (c), (d): when varying γ2. All results are run for 3 times with ResNet-56
on CIFAR-10. Shaded areas represent variance.

only focuses on the model’s outputs.

2.4.2 Comparasion Results

CIFAR-10 Results: Tab. 2.1 summarizes the results on CIFAR-10. For ResNet-56, ISP

outperforms baselines with a similar FLOPs pruning rate. It has a pruning rate on par

with EEMC [80] while it shows higher ∆-Acc (+0.18% vs. +0.06%). For MobileNet-V2,

ISP simultaneously prunes 18% more FLOPs than DCP and Uniform. It also achieves a

better accuracy improvement (+0.10% higher ∆-Acc) than DCP.
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Table 2.1: Comparison of results on CIFAR-10. ∆-Acc represents the performance changes
relative to the baseline, and +/− indicates an increase/decrease, respectively.

Model Method Baseline Acc Pruned Acc ∆-Acc Pruned FLOPs

ResNet-56

DCP-Adapt [76] 93.80% 93.81% +0.01% 47.0%
SCP [94] 93.69% 93.23% −0.46% 51.5%

FPGM [74] 93.59% 92.93% −0.66% 52.6%
SFP [95] 93.59% 92.26% −1.33% 52.6%
FPC [96] 93.59% 93.24% −0.25% 52.9%

HRank [97] 93.26% 92.17% −0.09% 50.0%
EEMC [80] 93.62% 93.68% +0.06% 56.0%
ISP (ours) 93.56% 93.74% +0.18% 54.0%

MobileNetV2
Uniform [76] 94.47% 94.17% −0.30% 26.0%

DCP [76] 94.47% 94.69% +0.22% 26.0%
ISP (ours) 94.53% 94.85% +0.32% 44.0%

ImageNet Results: We present the results on ImageNet in Tab. 2.2. For ResNet-34,

ISP achieves the best trade-off between the performance and FLOPs reduction. It achieves

∆ Top-1 close to Taylor [75], but ISP can prune 19.8% more FLOPs. Also, with similar

FLOPs pruning rate, ISP outperforms FPGM [74] by 0.84% ∆ Top-1. For ResNet-50,

our model can achieve the largest pruning rate, 56.6%, with the best ∆ Top-1/Top-5 be-

ing −0.16%/ − 0.12% showing 0.33%/0.23% improvement compared to EEMC [80]. For

ResNet-101, ISP is the only method that its pruned network has better accuracy than

the original one. Also, it accomplishes the highest pruning rate, 56.8%, with a signif-

icant 11.7% gap with PFP [79]. For MobileNetV2, ISP has a pruning rate competi-

tive (+29.0% vs. +30.7%) to MetaPruning [50] and reaches the highest ∆ Top-1, with a

0.65% margin with MetaPruning. We also note that ISP significantly outperforms QI [89]

(in terms of both accuracy improvement and pruning rate for ResNet-50/101) that aims

to perform interpretable pruning by finding filters that are aligned with visual concepts,

which illustrates the superiority of our proposed AEM model for pruning compared to other

interpretation techniques.
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Table 2.2: Comparison results on ImageNet with ResNet-34/50/101 and MobileNet-V2.

Model Method Baseline Top-1 Acc Baseline Top-5 Acc ∆-Acc Top-1 ∆-Acc Top-5 Pruned FLOPs

ResNet-34
FPGM [74] 73.92% 91.62% −1.29% −0.54% 41.1%
Taylor [75] 73.31% - −0.48% - 24.2%
ISP (ours) 73.31% 91.42% −0.45% −0.40% 44.0%

ResNet-50

DCP [76] 76.01% 92.93% −1.06% −0.61% 55.6%
CCP [77] 76.15% 92.87% −0.94% −0.45% 54.1%

FPGM [74] 76.15% 92.87% −1.32% −0.55% 53.5%
ABCP [78] 76.01% 92.96% −2.15% −1.27% 54.3%

QI [89] 74.90% 92.10% −1.31% −0.27% 50.0%
PFP [79] 76.13% 92.86% −0.92% −0.45% 44.0%

EEMC [80] 76.15% 92.87% −0.49% −0.35% 56.0%
ISP (ours) 76.13% 92.86% −0.16% −0.12% 56.6%

ResNet-101

FPGM [74] 77.37% 93.56% −0.05% 0.00% 41.1%
Taylor [75] 77.37% - −0.02% - 39.8%

QI [89] 76.40% 92.80% −2.31% −0.86% 50.0%
PFP [79] 77.37% 93.56% −0.94% −0.44% 45.1%

ISP (ours) 77.37% 93.56% +0.40% +0.22% 56.8%

MobileNet-V2

Uniform [98] 71.80% 91.00% −2.00% 1.40% 30.0%
AMC [46] 71.80% - −1.00% - 30.0%
CC [99] 71.88% - −0.97% - 28.3%

MetaPruning [50] 72.00% - −0.80% - 30.7%
ISP (ours) 71.88% 90.29% −0.15% −0.08% 29.0%

2.5 Chapter Summary and Conclusions

We proposed a novel neural network pruning method that utilizes interpretations of

the model as guidance for its pruning procedure. We showed that Amortized Explanation

Models (AEM) are suitable for our purpose as they can provide real-time explanations

of a model. We empirically showed that explanation masks of REAL-X [4], state-of-the-

art AEM, might lack a meaningful structure and not be interpretable. Thus, we introduced

a new AEM model that overcomes this problem by respecting the geometric prior of nat-

ural images and finding the optimal functional form over pixel’s Bernoulli parameters of

explanatory masks in the RBF functions’ family. Finally, we leverage the predictions of our

AEM model to steer the pruning process in our formulation. Our experimental results on

benchmark data demonstrate that the interpretations of a parameter-heavy classifier pro-

vide valuable information to steer its pruning process, complementing the guidance from

its outputs, which are the main focus of previous methods.
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Supplementary Materials for Chapter 2

S2.1 REAL-X Formulation Development for Interpretation of Classifiers

This section provides details about the connections of REAL-X formulation presented

in [4] for dimensionality reduction of samples and its version for interpreting a classifier.

At first, we show the REAL-X formulation for dimensionality reduction for completeness

and then derive its formulation for the interpretation of classifiers.

S2.1.1 REAL-X for Dimensionality Reduction

Amortized Explanation Models (AEMs) [4, 61, 62, 72] aim to learn to predict a

‘sample-specific’ mask for each sample such that preserved features contain all information

related to an outcome. An outcome in REAL-X [4] is the target (label) of the sample, i.e.,

P(y|x = x) = P(y|x = m(x)) (2.11)

Here P is the joint population distribution on inputs and targets that is unknown in

practice.

We emphasize that the goal is not to explain a classifier’s predictions in this formu-

lation. Instead, it is dimensionality reduction by only keeping input features (pixels in

images) that preserve the information related to labels of samples.

REAL-X trains a selector model fβ(·) implemented with a Deep Neural Network

(DNN) function parameterized by β that predicts a distribution over possible explanatory
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masks for a given sample, and fβ(·) ∈ R
D. The distribution is factorized as a product of

marginal Bernoulli distributions over mask’s pixels, i.e.,

qsel(m|x; β) =
D
∏

i=1

qi(mi|x; β) (2.12)

qi(mi|x; β) ∼ Bernoulli((fβ(x))i)

During training, the selector model is encouraged to predicts masks that follow Eq. (2.11).

To do so, a predictor model is used that estimates population conditional distribution of

targets given masked inputs P(y|x = m(x)) and trained by the following objective:

max
θ

E(x,y)∼PEm′∼B(0.5)[log(qpred(y = y|x = m′(x); θ))] (2.13)

This is equivalent to

min
θ

E(x,y)∼PEm′∼B(0.5)[KL(P(y|x = x)∥qpred(y|x = m′(x); θ))] (2.14)

where we represent the conditional population distribution P(y|x = x) with one-hot vec-

tors. Finally, given a pretrained predictor model, REAL-X trains a selector model to

maximize:

max
β

E(x,y)∼PEm′∼ qsel(m|x;β)[log(qpred(y = y|x = m′(x))) − ||m′||0] (2.15)

Similar to Eqs. (2.13, 2.14), the log-likelihood term in Eq. (2.15) can be replaced with

39



KL(P(y|x = x)||qpred(y|x = m′(x))) (2.16)

S2.1.2 REAL-X for Interpretation of Classifiers

Now, we develop the formulation of REAL-X for interpreting a classifier’s predictions.

The new goal is to learn to find a mask for each sample such that it preserves information

related to the classifier’s predictions in the remaining input features, i.e.,

Qclass(y|x = x(i)) = Qclass(y|x = m(x(i))) (2.17)

Therefore, similar to Eq. (2.14), the objective for training a predictor model that estimates

the conditional distribution of the classifier given masked inputs will be:

min
θ

Ex∼P(x)Em′∼B(0.5)Lθ(x, m′(x)) (2.18)

Lθ(x, m′(x)) = KL(Qclass(y|x = x), qpred(y|x = m′(x); θ)) (2.19)

where we have replaced the population conditional distribution P(y|x = x) in Eq. (2.14)

with the one for the classifier Qclass(y|x = x), which is usually implemented as a softmax

distribution.

Lastly, we can train a selector model guided by a pretrained predictor to obey

Eq. (2.17) by minimizing:
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min
β

Ex∼P(x)Em′∼ qsel(m|x;β)[L(x, m′(x)) + λ||m′||0] (2.20)

Again, this is equivalent to Eq. (2.15) by replacing the population conditional distribution

P(y|x = x) in Eq. (2.16) with the one for the classifier, i.e., Qclass(y|x = x). We use

Eqs. (2.18, 2.20) to train REAL-X to explain decisions of a ResNet-56 architecture on

CIFAR-10 in section 2.3.3.1.

S2.2 Implementation Details of Our AEM

As a recall, the formulation for training our AEM model is the selector minimizing:

min
β

Lsel(β) = Ex∼P(x)Em′∼qsel(m|x;β,v)[L(x, m′(x)) + λ1R(m′) + λ2S(m′)] (2.21)

R(m′) = ||m′||0

S(m′) =
M
∑

i=1

N
∑

j=1

[(m′
i,j − m′

i+1,j)
2 + (m′

i,j − m′
i,j+1)

2]
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such that we factorize qsel(m|x; β, v) as a product of marginal Bernoulli distributions over

the pixels. The parameters of Bernoulli distributions have RBF form over pixel locations,

i.e., we calculate the parameter for a pixel at location (z, t) as:

fBP (z, t; cz, ct, σ) = exp
{

(
−1

2σ2
[(z − cz)2 + (t − ct)

2])
}

(2.22)

In this section, we provide more practical details about the implementation of our

AEM, namely the U-Net architecture’s layers and training procedure of the selector model

for ImageNet [100] and CIFAR-10 [5].

S2.2.1 U-Net Architecture

We use a U-Net [93] architecture with a feature filter module proposed in [72] to

implement the selector module of our AEM model. It provides the flexibility to use the

feature extractor backbone of the pretrained classifier (e.g., scales 1-5 of ResNet [39] before

its global average pooling layer) as the encoder of U-Net and only train the decoder part

for computational efficiency. The feature filter is an embedding layer (denoted by C)

learned along with the decoder that performs the initial localization of the target class by

attenuating spatial locations that do not contain the target [72]. It applies such operation

on the output of the encoder before inputting it to the decoder. Formally, the output filtered

feature Z at spatial location (i, j) given input features X and target class embedding Cy

is calculated as:

Zi,j = Xi,jσ(XT
i,jCy) (2.23)
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S2.3 Experimental Setup

We use CIFAR-10 [5] and ImageNet [31] to validate the effectiveness of our proposed

model. For all experiments, we train the original classifier from scratch (CIFAR-10) or

adopt PyTorch [101] pretrained models (ImageNet). To train the AEM model, we follow

two main steps: 1) We train the predictor with Eq. 2.6 using the same architecture as the

classifier starting from scratch (CIFAR-10) or PyTorch pretrained checkpoint (ImageNet).

2) We use the convolutional feature extraction backbone of the classifier as the encoder

of the selector’s U-Net architecture and keep it frozen during training the decoder for

computational efficiency (Fig. 2.2). The decoder is trained with objective 2.9 and steered

by the trained predictor from the previous step.

CIFAR-10: For CIFAR-10 experiments, we evaluate our model on ResNet-56 [39]

and MobileNetV2 [98]. We train the predictor model for 300 epochs for both models with

a mini-batch size of 128 using ADAM optimizer [102] with a learning rate of 0.0001, ex-

ponential decay rates (β1, β2) = (0.9, 0.999), and weight decay of 0.0001. We train the

selector model for 10 epochs with mini-batch size 16 and the same optimization configura-

tion. We found that the parameter setting λ1 = 0.2 and λ2 = 0.001 perform well for both

models. We randomly partition the official training set with a 0.9/0.1 ratio to form our

training/validation sets and use the official test set as our test partition. During pruning,

we select 5% of the official training set as the subset for pruning. We choose γ1 = 0.5 and

γ2 = 2.0 for pruning. We optimize Eq. 2.10 for pruning for 200 epochs by using the subset

with ADAM optimizer. After pruning, we finetune the model for 200 epochs with SGD

optimizer of momentum 0.9, weight decay 0.0001, and start learning rate 0.1. We decay
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the learning rate to 0.01 and 0.001 at epoch 50 and 100. The mini-batch size is 128 for

both pruning and finetuning. As mentioned in section 2.3.5 and Fig. 2.2, we use the convo-

lutional feature extraction backbone of the classifier as the encoder of the selector’s U-Net

architecture and keep it frozen during training the decoder for computational efficiency.

ResNet-56 [39] and MobileNetV2 [98] architectures generate three scales of representations

before their average pooling layer considering (number of channels, spatial dimensions)

from a raw input with 3 × 32 × 32 spatial dimensions. ResNet-56 scales’ representations

have {(16, 32×32), (32, 16×16), (64, 8×8)} dimensions, and these values for MobileNetV2

are {(32, 32 × 32), (96, 16 × 16), (1280, 8 × 8)}. Therefore, their feature filter embedding

layers have 10 × 64 and 10 × 1280 dimensions respectively (CIFAR-10 has 10 classes). We

use two upsampling blocks for CIFAR-10 experiments. These blocks are characterized by

3 parameters: number of their input features’ channels, number of pass-through features’

channels (input features from the U-Net’s encoder), and number of their output channels

[72]. These values are {(64, 32, 32), (32, 16, 16)} and {(1280, 96, 96), (96, 32, 32)} for upsam-

pling layers of ResNet-56 and MobileNetV2 respectively. An upsampling layer, at first,

upsamples a low-resolution feature map by a factor of 2 using 2D-Convolution and Pixel

Shuffle blocks [103]. Then, it concatenates upsampled features with pass-through features

and applies three Bottleneck blocks [39] on them.

Finally, we use a 2D-Convolution layer followed by three non-linearities that map the

last upsampling layer’s output to 3 values corresponding to predicted (cz, ct, σ) parameters

for the output RBF kernel. We set the kernel size of the convolution filter to the upsampling

layer’s output spatial dimension (32). In addition, we set the number of output channels

to 3. We use two different non-linear activation functions, namely one for calculating cz, ct
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and the other for σ that we elaborate on them in Section S2.3.0.1.

ImageNet: Most of the details are similar to the CIFAR-10 experiments described

above. We use ResNet-34, 50, 101 [39] and MobileNetV2 [98] to assess our model’s perfor-

mance on ImageNet [100]. Training on the full dataset is computationally intensive. We

randomly select 0.1/0.02 of the official training set as our training/validation partitions and

use the official validation set as our test set for our AEM model’s training and evaluation.

We train the predictor for 100 epochs with batch size 128 and the selector for 5 epochs with

batch size 64. The optimization parameters are the same as CIFAR-10 experiments. The

configuration λ1 = 1.0 and λ2 = 0.0001 showed convincing performance for all architec-

tures. In ImageNet, we use the previously mentioned subset for pruning. During pruning,

we optimize Eq. 2.10 for 100 epochs with the ADAM optimizer. γ1 and γ2 are the same as

the CIFAR-10 setting. After pruning, we finetune all architectures for 100 epochs by using

SGD with a momentum of 0.9. For ResNet models, we use a start learning rate of 0.1 and

decay it to 0.01, 0.001, 0.0001 at epoch 30, 60, and 90. For MobileNet-V2, we use a start

learning rate of 0.05 and a cosine annealing learning rate scheduler, as mentioned in the

original paper [98]. We set the weight decay to 0.0001 for ResNet models and 0.00004 for

MobileNetV2. We implement our method using PyTorch [101]. Given an input image with

3 channels and 224×224 spatial dimensions, ResNet-34, 50, and 101 calculate 5 scales with

(number of channels, spatial dimensions) as follows:

• {(64, 56 × 56), (64, 56 × 56), (128, 28 × 28), (256, 14 × 14), (512, 7 × 7)} for

ResNet-34,

• {(64, 56 × 56), (256, 56 × 56), (512, 28 × 28), (1024, 14 × 14), (2048, 7 × 7)} for
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ResNet-50 and ResNet 101,

• {(32, 112 × 112), (24, 56 × 56), (32, 28 × 28), (96, 14 × 14), (1280, 7 × 7)} for

MobileNetV2.

Thus, the embedding layer of their feature filter layer is 1000×512 for ResNet-34, 1000×2048

for ResNet-50 as well as ResNet-101, and 1000 × 1280 for MobileNetV2.

We use 3 upsampling blocks for these architectures. The values of (# input features’

channels, # pass-through features’ channels, # output channels) for upsampling layers are

as follows:

• {(512, 256, 256), (256, 128, 128), (128, 64, 64)} for ResNet-34.

• {(2048, 1024, 1024), (1024, 512, 512), (512, 256, 256)} for ResNet-50 and ResNet-101.

• {(1280, 96, 96), (96, 32, 32), (32, 24, 24)} for MobileNetV2.

Finally, we use a 2D-Convolution with kernel size 56 and 3 output channels to map the

last upsampling layer’s outputs to 3 numbers for (cz, ct, σ).

S2.3.0.1 Proposed Output Nonlinearities for the Selector Model

Center’s Coordinates Nonlinearity: As mentioned in Section 2.3.5, if we consider

a two-axis coordinate system for an image’s spatial dimensions and the system’s origin being

on the center of it, the values cz, ct can take any real values theoretically. However, we know

that the salient part of the image is within its spatial dimensions, e.g., cz, ct ∈ [−16, 16]

for CIFAR-10 images with 32 × 32 size. Therefore, we use Tanh non-linearity to ensure

that the output values are in the range of image dimensions. In addition, to prevent the
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vanishing gradients phenomenon in Tanh, we set its ‘active’ range being roughly equal to

spatial dimensions of an input image, i.e., we calculate cz, ct as:

• cz = 14 ∗ Tanh(uz/14) + 16

• ct = 14 ∗ Tanh(ut/14) + 16

We show this functional form in Fig. 2.6. As can be seen, when its input u lies in the

interval [−14, 14], the output lies in [2, 30], which corresponds to the 28 × 28 frame into a

32×32 image. Moreover, when u ∈ [−14, 14], the Tanh function is in its active form, which

prevents the known vanishing gradient challenge with Tanh.

For ImageNet experiments, we use the following form to ensure that the center of

predicted RBF is in the central 220 × 220 frame of a 224 × 224 image, and we show it in

Fig. 2.8.

• cz = 108 ∗ Tanh(uz/108) + 112

• ct = 108 ∗ Tanh(ut/108) + 112

Expansion Parameter’s (σ) Nonlinearity: the parameter σ in Eq. (2.22) determines

the degree of RBF expansion on an input image’s surface and should be a positive real

number. Therefore, we use ‘Softplus’ non-linearity to calculate it, which is a smooth

approximation of ReLU [104] and is always positive. It is calculated with the formula

SoftP lus(u) = log(1 + exp(u)) and is shown in the Fig. 2.7. We use this function to cal-

culate the expansion parameter for both sets of experiments on CIFAR-10 and ImageNet.

Selector Network’s Training Initialization: We use the standard network initialization

implemented in PyTorch [101] to train a decoder of a selector’s U-Net. However, this
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Figure 2.6: Our proposed nonlinear function to calculate the center’s coordinates of a
predicted RBF Kernel of the selector for the CIFAR-10 dataset.

initialization makes the output values of the output 2D-convolution layer close to zero at

the beginning of training. As a result, the output σ will be close to zero, and it may cause

instability in the starting iterations of training. To prevent such instability, we empirically

found that setting the 2D-convolution layer’s bias weight corresponding to σ to be about a

third of the input image’s spatial dimension can make the model’s convergence faster and

training more stable. Thus, we initialize the bias weight to be 10 for CIFAR-10 experiments

and 80 for ImageNet ones.

S2.3.1 Gumbel-Sigmoid Reparameterization Strategy for Training Selector

Model

We use Eq. (2.8) as the objective to train our selector model. Thus, we need to

minimize the expectation on masks that the selector model parameterizes their distribution.

Empirically, we use Monte-Carlo sampling and sample one mask for each input image x.
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Figure 2.7: Our proposed nonlinear function to calculate the expansion parameter of a
predicted RBF Kernel of the selector for the CIFAR-10 dataset.

However, sampling is not a differentiable operation. Hence, it is impossible to train the

selector’s parameters by optimizing them using backpropagation schemes when we directly

sample from the predicted distribution. A workaround to this problem is to replace non-

differentiable sampling from a categorical distribution with a differentiable sampling from

the Gumbel-Sigmoid distribution [91, 92]. In summary, the binary mask can be generated

by using the following function with the Gumbel-Sigmoid trick:

mi,j =
1

1 + exp
(

− log(fBP (i,j;cz ,ct,σ))+gj

τ

) (2.24)

such that gi values are sampled from the Gumbel distribution, and τ is called the ‘temper-

ature’ parameter that determines ‘sharpness’ of the sample. Low τ values result in samples

close to Bernoulli distribution (binary), but higher τ values make the output distribution

more similar to uniform. We set τ = 1 for training our selector model for all experiments.
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Figure 2.8: Our proposed nonlinear function to calculate the center’s coordinates of a
predicted RBF Kernel of the selector for the ImageNet dataset.

We then can insert Eq. (2.24) into Eq. (2.8) to optimize the selector model.

S2.3.2 More Details about Pruning

Similarly, we also use Gumbel-Sigmoid trick to characterize each channel:

vl =
1

1 + exp
(

−
θgl+gj+b

τ

) (2.25)

where θgl
is the parameters for l-th layer, and v = [v1, · · · , vL]. We also insert a constant

b for starting pruning from the whole model. In experiments, we set b = 3 and τ = 0.4 for

pruning channels. To achieve pruning, we multiply vl to its corresponding feature map Fl

after activation functions:

F̂l = vl ⊙ Fl (2.26)

where ⊙ is element-wise product, and vl is first expanded to the same size of Fl.
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In practice, we let Rres(x, y) = log(max(x, y)/y), which effectively push Rres to 0.

Other regression loss functions like MSE and MAE can not achieve similar functions, and

they often fail when applied to compact models like MobileNet-V2 [98].

S2.3.3 More Samples of our AEM’s Predictions

We show visual examples of our proposed AEM’s predictions on ImageNet and CIFAR-

10 in the following pages. In each row from left to right, we show an input image, the pre-

dicted distribution of explanatory masks over the input, the predicted distribution shown

over the input image, a mask sampled from the predicted distribution, and the input masked

by the sampled mask. ImageNet images have higher resolution than CIFAR-10 ones. Thus,

their sampled masks look more coherent than CIFAR-10 images. However, we can see that

our selector model almost always puts the mode of its RBF kernel on the salient part of

the input.
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Figure 2.9: ImageNet Examples. Columns from left to right: input image, dis-
tribution over explanatory masks predicted by selector, predicted distribution shown over
input, a sampled mask from the predicted distribution, and input image masked by the
sampled mask. Class of input images from top to bottom: ‘Gyromitra’, ‘Honeycomb’,
‘Strainer’, ‘English springer’, ‘Indri brevicaudatus’, ‘Hartebeest’.
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Figure 2.10: ImageNet Examples. Columns from left to right: input image, distribu-
tion over explanatory masks predicted by selector, predicted distribution shown over input,
a sampled mask from the predicted distribution, and input image masked by the sampled
mask. Class of input images from top to bottom: ‘Australian terrier’, ‘Scoreboard’,
‘Microwave oven’, ‘Barn’, ‘Rosehip’, ‘Samoyed’.
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Figure 2.11: ImageNet Examples. Columns from left to right: input image, dis-
tribution over explanatory masks predicted by selector, predicted distribution shown over
input, a sampled mask from the predicted distribution, and input image masked by the
sampled mask. Class of input images from top to bottom: ‘Miniskirt’, ‘Soccer ball’,
‘Jeep’, ‘Albatross’, ‘Tench’, ‘China cabinet’.
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Figure 2.12: ImageNet Examples. Columns from left to right: input image, dis-
tribution over explanatory masks predicted by selector, predicted distribution shown over
input, a sampled mask from the predicted distribution, and input image masked by the
sampled mask. Class of input images from top to bottom: ‘Kimono’, ‘Whippet’,
‘Poncho’, ‘Drilling Platform’, ‘Steel Drum’, ‘Black Grouse’.
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Figure 2.13: ImageNet Examples. Columns from left to right: input image, dis-
tribution over explanatory masks predicted by selector, predicted distribution shown over
input, a sampled mask from the predicted distribution, and input image masked by the
sampled mask. Class of input images from top to bottom: ‘Binoculars’, ‘Horned
viper’, ‘Native bear’, ‘Hedgehog’, ‘Japanese spaniel’, ‘Reel’.
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Figure 2.14: CIFAR-10 Examples. Class of input images from top to bottom:
‘Ship’, ‘Truck’, ‘Automobile’, ‘Frog’, ‘Horse’, ‘Bird’, ‘Airplane’, ‘Bird’, ‘Dog’ ‘Cat’, ‘Cat’,
‘Cat’, ‘Bird’.
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Figure 2.15: CIFAR-10 Examples. Class of input images from top to bottom:
‘Bird’, ‘Ship’, ‘Frog’, ‘Cat’, ‘Dog’, ‘Frog’, ‘Airplane’, ‘Automobile’, ‘Horse’ ‘Bird’, ‘Bird’,
‘Deer’, ‘Horse’.
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Figure 2.16: CIFAR-10 Examples. Class of input images from top to bottom:
‘Frog’, ‘Ship’, ‘Ship’, ‘Cat’, ‘Airplane’, ‘Ship’, ‘Horse’, ‘Horse’, ‘Truck’, ‘Dog’, ‘Automobile’,
‘Frog’, ‘Deer’.
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Figure 2.17: CIFAR-10 Examples. Class of input images from top to bottom:
‘Dog’, ‘Airplane’, ‘Horse’, ‘Automobile’, ‘Horse’, ‘Ship’, ‘Ship’, ‘Automobile’, ‘Cat’, ‘Air-
plane’, ‘Ship’, ‘Airplane’, ‘Dog’.
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Chapter 3: Efficient Learning of Kernel Sizes for Convolution Layers of

CNNs

3.1 Introduction

Convolutional neural network (CNNs) have consistently shown top performance in

image classification tasks in the last decade [38, 39, 105, 106, 107]. They consist of multiple

layers of convolution operators with learnable weights that, combined with pooling layers

and strided convolutions, downsample an input image gradually. Such a design blended

with normalization and nonlinear layers enables them to make an information bottleneck to

extract low-resolution task-relevant information from high-resolution low-level details such

as pixels’ intensities. Despite their success, developing new high-accuracy architectures is a

complex task involving numerous hyperparameters. One of the critical design choices that

directly affects the model’s performance is the size of the kernels for convolutional layers.

A prominent design for CNNs is to use numerous layers of blocks with predetermined

kernel sizes [38, 39, 106, 108]. However, by doing so, the network’s predictions are not

differentiable w.r.t kernel sizes. Thus, finding the optimal setting for them (given a desired

number of parameters) becomes a hyperparameter tuning problem that can be solved using

cross-validation, casting it as a constrained discrete optimization problem, or leveraging
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heuristic design tricks. Cross-validation gets infeasible as the number of combinations grows

exponentially w.r.t number of layers and possible kernel sizes. The constrained optimization

problem should be solved with techniques such as Neural Architecture Search (NAS) [109]

that require powerful computational resources that may not be available for low-resourced

applications. Although using heuristic tricks [107, 108, 110] to design kernel sizes has shown

remarkable results, their intuitions are mainly based on an architecture’s performance on

ImageNet [111], which is shown does not necessarily translate to a more effective model

on other domains, with even negative correlations between the metrics [112, 113] in some

cases.

Learning a model’s kernel sizes jointly with its weights during training is a promising

direction to overcome the mentioned challenges. A group of methods take a set of basis

functions (e.g., Delta-Diracs [114] or Gaussian functions [115]) and learn dilation factors

for these functions to alter a kernel size. However, dilation limits the learned kernels’

bandwidth and hurts the model’s performance. Recently, FlexConv [116] proposed to learn

high-bandwidth kernels by defining them as a product of a predicted kernel by a neural

network (MLP) and a Gaussian kernel with learnable parameters. For each convolution

layer, its corresponding MLP predicts a kernel with the same spatial dimensions as the

input image. Then, the predicted kernel is multiplied by the Gaussian kernel. Finally, the

resulting kernel is cropped according to a threshold. Nevertheless, doing so has several key

drawbacks. First, if we denote the input size as N , FlexConv needs to compute N2 MLP

forward passes for each convolution layer in each iteration. Thus, its training time grows

quadratically w.r.t input size, making it highly inefficient even for datasets with moderate

input size such as STL-10 [117]. It also makes using FlexConv prohibitively expensive for
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very deep architectures. Secondly, cropping by thresholding wastes the computations of

the MLP and is an inefficient way to determine kernel sizes.

We propose a new kernel size learning method that has significantly lower computa-

tional requirements than previous methods and, at the same time, outperforms them on

different tasks. We develop a model called size predictor that learns to determine optimal

kernel sizes for a CNN. During training, the size predictor collaborates with a hypernet-

work [118] named kernel predictor. In each iteration, at first, the size predictor decides the

size of kernels for the CNN. Then, the kernel predictor adaptively predicts kernel weights

given the specified sizes by the size predictor. This scheme prevents wasting computa-

tions by the kernel predictor that is happening in FlexConv after cropping. Moreover,

our method needs orders of magnitude lower forward passes during training, making our

method dramatically faster than FlexConv. Finally, the weights of both models are op-

timized to minimize the classification objective while keeping the parameter count of the

CNN at the desired number. By doing so, our method can find a high-performance config-

uration for kernel sizes of a CNN with a small fraction of training epochs needed to train

it from scratch. After finding a proper configuration, we discard the size predictor as well

as kernel predictor and train the resulting CNN with the same training settings as the

original CNN. Therefore, our method is able to discover and train a high accuracy setting

for the kernel sizes with much lower computations than other methods. Our experimen-

tal results on MNIST, CIFAR-10, STL-10, and ImageNet-32 demonstrate that our method

consistently shows better accuracy vs. training time trade-off compared to other kernel size

learning methods, even outperforming them in both metrics in most cases. We summarize

our contributions as follows:
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• We introduce a novel kernel size learning method for CNNs that requires a signifi-

cantly lower computational budget than existing methods.

• We design a size predictor model that is trained jointly with a kernel predictor model

to predict optimal kernel sizes of a classifier. Training these models requires only a

small fraction of the training epochs of the CNN.

• Our experiments on several benchmark datasets illustrate that our method can achieve

more competent architectures in much lower training epochs than other kernel size

learning methods, providing an efficient and effective solution for the kernel size learn-

ing problem.

The contents of this chapter are based on our work [119] published in AAAI 2023.

3.2 Related Works

Innovation of novel performant CNN architectures for different applications is a com-

plicated task consisting of numerous factors. One of the crucial factors is determining kernel

sizes for convolution layers. Most of the proposed ideas design architectures consisting of

multiple layers with fixed preset sizes. Early works [38, 39, 105, 106] use blocks with kernels

of sizes 1-7px. The main downside of using fixed architectures is that the training objective

will not be differentiable w.r.t kernel sizes. Thus, an optimal setting should be found by

cross validation, solving a constrained discrete optimization, or developing heuristic design

tricks. However, the number of potential architectures increases exponentially w.r.t the

number of layers and kernel sizes range, making cross validation impractical. The high
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number of possible architectures also translates into a vast search space for NAS meth-

ods [109, 120, 121, 122] used to solve the constrained discrete optimization problems for

finding optimal kernel sizes. Thus, NAS methods require an extreme computation budget to

find the desired configuration. Using heuristics to design kernel sizes has shown significant

results recently [107, 108, 110, 123]. RepLKNet. [108] introduces five guidelines to design

CNNs with large kernel sizes up to 31px. It uses small kernels parallel to large ones and

achieves comparable results to Swin Transformer [124]. ConvNeXt [107] follows the design

of Swin Transformer to develop large kernel CNNs. However, these models’ intuitions and

design tricks mainly rely on improving the Top-1 accuracy of the resulting architectures

on ImageNet [111]. Thus, their superior accuracy on ImageNet may not reflect on other

domains, as shown by recent studies [112, 113].

Learning kernel sizes during training can alleviate the weaknesses for predesigned

architectures. Deformable ConvNets [114] learn offsets for each pixel of a filter to obtain

deformable kernels. Also, [115, 125] model kernels as a learned combination of Gaussian

derivative filters with a tunable variance parameter to control its effective size. OFS-

CNN [126] use learnable padding operations, and [127, 128, 129] model filters as learnable

dilated Gaussian functions to learn kernel sizes. Yet, dilated basis functions/kernels result

in kernels with limited bandwidths, restricting the final model’s performance. Recently,

FlexConv [116], inspired by continuous kernel convolutions [130, 131, 132, 133, 134, 135],

proposed to model kernels of a CNN as a product of a kernel predicted by a continuous

function (implemented by a MLP) and a learned Gaussian kernel. They train a separate

MLP and Gaussian kernel for each kernel. The MLP predicts kernels with the same res-

olution of an input. Then, the Gaussian kernel is multiplied with it, and the resulting
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Figure 3.1: Overview of our method. Our size predictor model learns to predict the kernel
sizes for the classifier. It predicts soft kernel sizes v that are rounded to integer values.
Then, our adaptive weight predictor model predicts optimal kernel weights ŵ given the
predicted sizes. We modulate the predicted weights using masks ml parameterized by the
soft sizes v to make the resulting weights w differentiable w.r.t the size predictor’s weights.
Finally, the weights w are used as the kernel weights of the classifier, and the training is
guided by the classification objective (Lclass) and the parameters budget loss (Lparam).

kernel is cropped using a tunable threshold. Nevertheless, such scheme requires multiple

forward passes and the cropping method wastes computations. Our method can effectively

overcome these limitations such that our kernel predictor adaptively predicts kernels with

sizes predicted by the size predictor. Thus, it only needs forward passes proportional to

predicted sizes and not the size of input images, thereby making our method much more

efficient compared to FlexConv.

3.3 Methodology

We elaborate on different components of our method in the following sub-sections.

We show an overview of our approach in Fig. 3.1.
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3.3.1 Size Predictor

We develop a size predictor model that dynamically predicts kernel sizes during train-

ing. We implement our size predictor with a GRU [136] unit followed by feed forward layers.

In each step, it takes a fixed input z and predicts the kernel sizes as follows:

v = σ(fsp(z; θsp)) (3.1)

s = round(v) (3.2)

fsp represents the size predictor, and round(·) rounds the input to its nearest integer. σ is

the nonlinearity that we use to ensure the predicted kernel sizes are in the designed range.

We implement it with σ(x) = k ∗ tanh(x/τ + b)+k +1. With such a design, predicted sizes

in s will be in [1, 2k + 1]. We set τ to enlarge the active region of tanh and prevent the

vanishing gradients problem. We choose b such that the initially predicted sizes be close

to the original design of the architectures. Given a predicted size vector s, the number of

parameters for the resulting model will be:

ppr =
L

∑

l=1

cl × cl−1 × sl × sl (3.3)

where cl is the number of output channels for the l-th convolution layer. To regulate the

size predictor to fix the parameter count of the classifier to the desired number pd, we use

the following objective:
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log( pd

ppr
) Otherwise

(3.4)

The regularization in Eq. 3.4 has also been utilized for network pruning [137, 138]. As the

round(·) function is not differentiable, we calculate the gradients of Lparam w.r.t θsp using

the Straight Through Estimator [139].

3.3.2 Kernel Predictor

We use a kernel predictor that estimates proper weights for the CNN given the kernel

sizes determined by the size predictor. Our motivation for such a design is that the kernel

sizes change dynamically during training, and using a fixed set of trainable parameters for

kernel weights is challenging. Thus, we utilize a model that can effectively adjust its output

size given input sizes. We implement our kernel predictor with a GRU [136] block for each

convolution layer in the model. We represent the number of input/output channels of the

l-th convolution layer with cl−1/cl. Accordingly, we set the output size of its corresponding

GRU being cl−1 × cl. Now, if the predicted size for this layer is sl, its GRU can adaptively

predict the weights for it by performing sl × sl time step forward passes, predicting the

weights for each spatial dimension of the kernel one at a time:

ŵl = f l
kp(z′

l; sl; θl
kp) (3.5)

z′

l is the constant input of the GRU. Such a design remarkably reduces the computation
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needed to predict a kernel’s weights compared to the continuous convolution kernel of

FlexConv [116]. The reason is that our kernel predictor needs to compute s2
l time steps

(forward passes) to predict a kernel’s weights, but FlexConv requires N2 forward passes

(N is the size of the input to the CNN), regardless of the final size of the kernel, making it

extremely inefficient even for datasets with an average input size such as STL-10 [117].

3.3.2.1 Modulating Kernel Size in the Predicted Weights

Despite the efficiency of our kernel predictor in determining a kernel’s weights, its

predictions are neither differentiable w.r.t sl nor vl as sl only determines the number of

time step calculations. Thus, naive usage of our kernel predictor does not provide any feed-

back for the size predictor model during training when using gradient-based optimization

schemes.

We propose modulating the predicted kernel size into the predicted weights as a

workaround. Inspired by adaptive attention span [140], we multiply a mask ml parameter-

ized by the soft kernel size vl to the predicted weights ŵl. We design ml as:

ml(i, j) = exp(−
(i − cl)

2 + (j − cl)
2

v2
l

)

cl = vl/2, i, j ∈ {1, 2, · · · sl}

(3.6)

Finally, we apply the mask ml to the predicted weights ŵl and use the resulting kernel wl

in the classifier for training:

wl = ml ⊙ ŵl l ∈ {1, · · · , L} (3.7)
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where ⊙ means element-wise product. We use our exponential mask instead of the piece-

wise linear one proposed by [140] as it makes all of the weights of the resulting kernel

differentiable w.r.t vl, making the gradient flow [141] for vl easier. In contrast, in the

latter, only the weights at the edges have such property, limiting the flow. Our mask

attenuates the edges of kernels and almost keeps the middle parts intact, encouraging the

model not to predict unnecessarily large kernels.

We train the size predictor, kernel predictor, and the parameters of the CNN to

minimize the classification objective (Cross-Entropy loss) while keeping the number of

parameters of the CNN at the desired budget. Thus, our final objective is:

min
θsp,θkp,θc

L = Lclass(θsp, θkp, θc) + λLparam(θsp) (3.8)

θc represents the parameters of the CNN, and λ is a hyperparameter. We show in our

experiments that our method only needs a small fraction of the training epochs of a CNN

to train a size predictor for it. After that, we discard the size predictor as well as kernel

predictor models and use the learned kernel sizes for the CNN to train it with its default

training settings. We summarize our training algorithm in Alg. 1.

3.4 Experiments

In this section, at first, we provide our experimental setup. Then, we evaluate our

proposed method against baselines on four different tasks. Finally, we explore the behavior

of our model through two ablation studies.

70



Algorithm 1 Our Kernel Size Learning Algorithm

Input: Training dataset D = {(xi, yi)}
D
i=1

; CNN fc(.; θc); size predictor fsp(·; θsp); size
predictor nonlinearity parameters {k, b, τ}; kernel predictor fkp(·; θkp); size learning epochs
Es; training epochs ET .
Output: CNN with learned kernel sizes and weights.
/* Learning Kernel Sizes of the CNN */

for e := 1 to Es do
1. Sample a mini-batch (x, y) from D.
2. Calculate kernel sizes s and soft predictions v of the size predictor (Eqs. 3.1, 3.2)
using fsp(·; θsp) and {k, b, τ}.

3. Calculate ŵl using the predicted sizes s and the kernel predictor fkp(·; θkp) according
to Eq. 3.5

4. Compute the modulating masks ml using soft predictions v of the size predictor in
Eq. 3.6.

5. Apply the masks ml to ŵl in Eq. 3.7 and use the resulting wl as the weights of the
CNN.

6. Use the sampled (x, y) to calculate the classification loss Lclass of the CNN.
7. Calculate the parameters budget loss Lparam using s and Eq. 3.4
8. Compute L in Eq. 3.8, backpropagate the gradients w.r.t θsp, θkp, θc, and update
them.

end
/* Train the CNN with new kernel sizes */

9. Determine the optimal kernel sizes of the CNN using the trained size predictor.
10. Initialize the CNN using the predicted kernel sizes.
11. Train the CNN for ET epochs with its standard settings.
Return: Trained CNN with new kernel sizes.

3.4.1 Experimental Setup

Datasets: We use four datasets in our experiments to analyze our model: MNIST [142],

CIFAR-10 [5], STL-10 [117], and ImageNet-32 [143].

Architectures: We mainly focus on finding kernel sizes for ResNet [39] architectures with

depths in {20, 26, 32, · · · , 56} in our experiments. We explore our model’s performance for

Wide-ResNet [144] for CIFAR-10 experiments as well. For all models, we learn the kernel

sizes for the residual layers and keep the first input 3 × 3 convolution kernel.

Training Details: For all architectures and datasets except ImageNet, we train the size
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predictor and kernel predictor models for 10 epochs. We do so for ImageNet-32 experiments

for 5 epochs. Remarkably, we found that training our size predictor and kernel predictor

models does not need hyperparameter tuning across architectures and datasets. We use

the AdamW optimizer [145] for all models for the kernel size learning stage. We use a

learning rate of 0.0001 with a weight decay of 0.001 for the size predictor and the CNN’s

parameters (the ones other than convolution kernels such as Batch Normalization [146] and

Fully connected layers). For the kernel predictor, we utilize a learning rate of 0.001 and

the same weight decay. Then, we train the resulting CNN with the training settings of

the original model following the settings described in FlexConv [116]. For all experiments,

we set the size predictor nonlinearity parameters to be (k, τ, b) = (3, 3, −0.35) so that our

possible size range will be [1, 7]. In addition, the initial values of predicted soft kernel

sizes will be close to 3, which is the original design for ResNet [39] and Wide-ResNet [144]

architectures. We also set the parameter λ = 2 for the parameters budget loss in Eq. 3.8.

Evaluation Metrics: We use the accuracy of the models/training time per epoch to

compare the performance/efficiency of the models, following FlexConv [116]. We calculate

the time per epoch of our model as the average of times for training epochs of the stage for

learning kernel sizes as well as training the resulting CNN from scratch. We call our method

EffConv-X/Wide-EffConv-X-Y, representing the ResNet-X/Wide-ResNet-X-Y model with

the depth X, widen factor Y, and kernel sizes learned by our method. We use a Lambda

machine with 8 NVIDIA RTX A5000 GPUs with 256 CPU cores for our experiments. We

provide other details of our experiments in supplementary S3.1.

1The number is provided by the authors by correspondence.
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Model Size Accuracy
Time

(Sec / Epoch)
Efficient-CapsNet

[147]
0.16M 99.74 ± 0.0002 -

Network in Network
[148]

N/A 99.53 -

VGG-5
[149]

3.65M 99.72 -

FlexNet-16
[116]

0.67M 99.7 ± 0.0 ∼ 2051

EffConv-20 (Ours) 0.66M 99.80 ± 0.01 35.86

Table 3.1: Results on the MNIST dataset.

Model Size Accuracy
Time

(Sec / Epoch)
N-JetNet-ALLCNN

[115]
0.66M 89.91 ± 0.03 -

N-JetNet-CIFARResNet32
[115]

0.52M 92.28 ± 0.26 -

DCN-σji

[125]
0.47M 89.7 ± 0.3 -

CKCNN-7
[135]

0.70M 71.7 -

CKCNN-16
[135]

0.63M 72.1 ± 0.2 68

CKCNNMAGNet-16
[135]

0.67M 86.8 ± 0.6 102

FlexNet-3
[116]

0.27M 90.4 ± 0.2 -

FlexNet-5
[116]

0.44M 91.0 ± 0.5 -

FlexNetGabor-16
[116]

0.67M 91.9 ± 0.2 161

FlexNet-16
[116]

0.67M 92.2 ± 0.1 127

CIFARResNet-44 [39] 0.66M 92.83 22
CIFARResNet-44 w/ CKConv (k=3) 2.58M 86.1 ± 0.9 -

CIFARResNet-44 w/ FlexConv 2.58M 81.6 ± 0.8 -

EffConv-20 (Ours) 0.20M 91.78 ± 0.16
EffConv-20 (Ours) 0.50M 92.30 ± 0.11
EffConv-20 (Ours) 0.66M 92.35 ± 0.05 17.77
EffConv-32 (Ours) 0.66M 92.99 ± 0.02 23.82
EffConv-44 (Ours) 0.66M 93.35 ± 0.17 27.65
Wide-EffConv-28-1 0.66M 93.14 ± 0.23 15.99

Table 3.2: Results on the CIFAR10 dataset.
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3.4.2 Results

We report a mean and standard deviation of 3 runs of our model with different random

seeds for all experiments.

3.4.3 MNIST

We summarize the results on the MNIST dataset in Tab. 3.1. As can be seen, our

method can achieve the highest accuracy. Although MNIST is a saturated benchmark, we

can observe that our method can find a performant model in much lower training time

(∼ 6× less) compared to FlexConv.

3.4.4 CIFAR-10

Tab. 3.2 represents the results of experiments on the CIFAR10 dataset. We can

observe that our method can perform better than N-JetNet [115] and DCN [125] models

with different number of parameters. Both of these methods model a convolution kernel as

a truncated Taylor series (called N-Jet [150]) of Gaussian derivative filters to learn kernel

sizes. N-JetNet-ALLCNN shows significantly worse accuracy compared to our model’s

variants with 0.66M parameters. N-JetNet-CIFARResNet32 shows higher accuracy, which

is on par with our EffConv-20 model with a similar number of parameters, but our model

has much lower depth than the former.

It can be seen that our method significantly outperforms CKCNN [135] models in

terms of both accuracy and training time with a similar parameter budget. Our conjecture

for the cause of weak results of CKCNN is that it is mainly designed for modeling sequential
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data and not images.

FlexConv [116] can obtain models with higher accuracy models compared to DCN and

CKCNN, but it does so at the cost of higher training time per epoch. Our method shows

higher accuracy with a similar number of parameters while having a much lower training

time. In the low parameter regime, FlexConv-3 with 0.27M parameters can achieve an av-

erage of 90.4% accuracy. At the same time, our EffConv-20 model with 0.20M parameters

shows an average accuracy of 91.78%. In the higher parameter setting, FlexNet-16 with

0.67M parameters shows lower average accuracy compared to EffConv-16 with 0.66M pa-

rameters while requiring more than 7× (127 vs. 17.77) training time per epoch. This result

highlights the critical advantage of our model, i.e., finding performant deeper models with

much lower computations than FlexConv. The cost of training FlexConv models drastically

increases with the increase in the model’s depth, which prevents it from training models

deeper than 16 layers. Conversely, we show in our ablation studies that our model can read-

ily find proper kernel sizes for much deeper models like ResNet-56. One can also find that

directly plugging CKConv and FlexConv layers into the CIFARResNet-44 model’s blocks

severely degrades its performance while increasing its number of parameters by about 4×.

In contrast, while keeping the number of parameters the same as CIFARResNet-44 (0.66M),

our EffConv-44 can find a better configuration for its kernel sizes with a slight increase in

its training time without requiring special block designs like CKConv and FlexConv. Fi-

nally, we can observe that our Wide-EffConv-28-1 can achieve an average accuracy of 93.14,

which is between EffConv-32 and EffConv-44 while requiring about half the training time

of EffConv-44. This result is congruent with previous works [144] that observed that Wide-

ResNet models perform similarly to deeper ResNets while having lower training/inference
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time thanks to their smaller depth.

Finally, we visualize the learned sizes and weights of the kernels for our EffConv-20

model with 0.66M parameters in Fig. 3.2. As can be seen, in contrast with FlexConv [116]

that puts larger kernels in the deeper layers, our model does not show such a behavior,

and the largest kernel is set in the 5th layer. We provide the optimal kernel sizes for other

architectures in supplementary S3.2.

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6

Layer 7 Layer 8 Layer 9 Layer 10 Layer 11 Layer 12

Layer 13 Layer 14 Layer 15 Layer 16 Layer 17 Layer 18
0.00

0.01

0.02

0.03

0.04

Figure 3.2: Learned sizes (top) and weights (bottom) for the kernels of our EffConv-20
model with 0.66M parameters on CIFAR-10.

2The number is provided by the authors by correspondence.
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Table 3.3: Results on the STL-10 dataset.

Model Size Accuracy
Time

(Sec / Epoch)
CIFARResNet-18

[39]
11.7M 81.0 14.2

FlexNet-16
[116]

0.67M 68.6 ± 0.7 ∼18002

EffConv-20 (Ours) 0.66M 73.06 ± 0.53 13.2
EffConv-20 (Ours) 0.71M 73.60 ± 0.58 14.41
EffConv-20 (Ours) 0.78M 74.02 ± 0.27 14.45

3.4.5 STL-10

We present the results on the STL-10 dataset in Tab. 3.3. STL-10 [117] is a challeng-

ing benchmark as it has a small training dataset (5k samples) and a more extensive test set

(8k samples) that can better show the differences between methods compared to CIFAR-10

and MNIST. As can be seen, FlexConv [116] becomes a highly inefficient method on STL-

10 even though it has a small training dataset. The reason is that the input images have

a size of 96px, i.e., 9× larger than 32px images in CIFAR-10. Thus, FlexConv needs to

compute 962 forward passes of the MLP for each convolution kernel to compute its weights

in each iteration, making it require about 30 minutes to complete each epoch. In contrast,

thanks to our adaptive weight predictor model design, our method can successfully find

the proper kernel sizes in a significantly lower time showing training time on par with the

CIFARResNet-18. In addition, our method can noticeably shrink the gap between low

parameter models and the high parameter CIFARResNet-18 model. With a similar 0.66M

parameter budget, EffConv-20 can outperform FlexConv with 4.46% accuracy, and at the

same time, finding and training such a model in 136× less time. Thus, EffConv is more

practical compared to FlexConv for applications with large input sizes.
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Table 3.4: Results on the ImageNet-32 dataset.

Model Size
Accuracy Time

(Sec / Epoch)Top-1 Top-5
CIFARResNet-32

[39]
0.53M 26.41 ± 0.13 49.37 ± 0.15 -

WRN-28-1
[144]

0.44M 32.03 57.51 -

FlexNet-5
[116]

0.44M 24.9 ± 0.4 47.7 ± 0.6 ∼ 7403

EffConv-20 (Ours) 0.50M 36.07 ± 0.18 60.96 ± 0.1 215.27

3.4.6 ImageNet-32

We provide the results on the ImageNet-32 dataset in Tab. 3.4. We can find that

WRN-28-1 significantly outperforms ResNet-32, similar to the results mentioned in CIFAR-

10 experiments above and previously shown [144] in the literature. Moreover, FlexConv

cannot achieve a competitive performance compared to baselines. Due to its computational

inefficiency bottleneck, training deep models on the ImageNet-32 with 1M samples is very

expensive for FlexConv. Thus, it has to resort to training a model with only 5 layers,

resulting in a limited capacity and unsatisfactory performance. However, EffConv can

train a 4× deeper model (20 layers) in 3.4× less time. With slightly less parameters

count, EffConv-20 significantly outperforms CIFARResNet-32 with 9.66%/11.59% average

top-1/top-5 accuracy. It also shows about 4%/3.4% higher average top-1/top-5 accuracy

compared to WRN-28-1.

In summary, our experiments on four benchmarks clearly demonstrate that our method,

EffConv, can find proper kernel sizes for a classifier more effectively and efficiently than the

previous kernel size learning methods. It can provide a practical solution to the problem

of determining kernel sizes for a CNN classifier.

3The number is provided by the authors by correspondence.
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(a) (b)

(c)

Figure 3.3: Results of our ablation studies.

3.4.7 Ablation Studies

We perform two ablation experiments to explore the behavior of our method.

Fixed Parameter Budget, Varying Depth: In the first experiment, we use EffConv to

find proper kernel sizes for ResNet [39] models with depths in {20, 26, · · · , 56} with a fixed

parameter budget of 0.66M. Fig. 3.3(a) demonstrates the results. The left vertical axis

represents the accuracy of the resulting models, and the right one shows the training time
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per epoch. We can observe that, as expected, the accuracy and training time of the learned

model increases when we increment its depth. However, the performance almost gets

saturated from ResNet-50 to ResNet-56 when these models should decrease their parameters

while preserving their depth. Thus, they become thin and deep models, so increasing their

depth does not provide noticeable performance returns. We also emphasize that our method

can readily find proper kernel sizes for deep models such as ResNet-56 while requiring ∼ 31

seconds per epoch. At the same time, FlexConv [116]/CKCNN [135] require about 4×/3×

more training time (see Tab. 3.2) for their 16-layer models (3.5× fewer layers than ResNet-

56) and achieve much worse performance.

Fixed Depth, Varying Parameter Budget: In our second experiment, we use a ResNet-

20 model (fixed depth) and change its desired parameter counts when we find its kernel

sizes with our model. We set the number of parameters from 0.1M to 0.5M, roughly half

and twice the number of parameters of the original ResNet-20. We present the results in

Fig. 3.3(b). We can find that the accuracy increases with the number of parameters, and

the slope of changes is low after 0.4M parameters. Moreover, with only 0.1M parameters,

our model shows higher performance (90.24±0.05) than N-JetNet-ALLCNN/DCN-σji (see

Tab. 3.2), while these models have much higher parameters. One can also notice a nonlinear

change in training time. It increases from 0.1M to 0.2M but then almost remains the same

from 0.2M to 0.4M despite doubling the number of parameters. Then, again it increases

from 0.4M to 0.5M. In contrast, the training time increases almost linearly with the number

of layers (Fig. 3.3(a)) but with a slope of less than one. Finally, Fig. 3.3(c) visualizes the

kernel sizes for the EffConv-20 with 0.1M/0.2M parameters. Interestingly, we can find that

our model determines the same size configuration for the first layers of two models that are
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known to extract low-level general features such as edges, and the models differ in deeper

layers.

3.5 Chapter Summary and Conclusion

In this chapter, we introduced a novel kernel size learning method for a classifier that

overcomes the computational inefficiencies of the previous methods while outperforming

their performance. We developed a size predictor model that learns to predict the optimal

kernel sizes for the classifier given a desired budget for its parameters’ count. We trained the

size predictor using a second model called kernel predictor that adaptively determines the

kernel weights of the classifier given the predicted sizes of the size predictor. Both models

are guided by the classification and our parameter budget objectives. Our new model

can discover the proper configuration for the kernel sizes and train the resulting model

with much lower computations compared to the previous methods. Experiments on four

prominent benchmarks demonstrate that our method outperforms the baselines in terms of

the classifier’s accuracy and significantly reduces their training time per epoch given a fixed

parameter budget, showing larger margins on more challenging tasks. Ablation studies also

revealed that our method is able to find kernel sizes for much deeper architectures that were

not feasible for baselines due to their inefficiencies.
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Supplementary Materials for Chapter 3

S3.1 Experimental settings

In this section, we provide more details of our experiments.

S3.1.1 Setup

Datasets: We used MNIST [142], CIFAR-10 [5], STL-10 [117], and ImageNet-32 [143].

• MNIST contains 28×28 hand-written digits images from 10 classes with 60000 train-

ing samples and 10000 test ones.

• CIFAR-10 contains 60000 natural images with size 32 × 32 that are split into 50000

training and 10000 testing images.

• STL-10 is a subset of ImageNet [111] with 10 classes of 96 × 96 images containing

5000 training samples and 8000 test images.

• ImageNet-32 is a down-sampled version of the original ImageNet dataset. It contains

1000 classes with 1281167 training images and 50000 test samples.

Architectures: As mentioned, we perform our experiments to learn kernel sizes for

ResNet [39] and Wide-ResNet [144] architectures. These models have an input 3 × 3

convolution layer followed by residual blocks. In all of our experiments, we learn the sizes

for the kernels in residual layers and keep the input convolution layer intact.
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S3.1.2 Implementation

Size Predictor: We use a Gated Recurrent Unit (GRU) [136] and dense layers to imple-

ment our size predictor. The detailed architecture is shown in Tab. 3.5. The input z is

randomly generated and fixed after initialization.

Table 3.5: The architecture of our size predictor.

Input z

GRU(128,256), WeightNorm, ReLU
Densel(256, 1), WeightNorm, l = 1, · · · , L

Outputs vl, l = 1, · · · , L;

Kernel Predictor: We implement the kernel predictor for each convolution layer with

a GRU unit, and we denote it with gl. Similar to the size predictor, the kernel predictor

models have a constant input. Their output size is determined by the input and output

channels of their corresponding convolution layer, as described in Eq. 3.5. Given a de-

termined size sl by the size predictor, gl performs sl × sl forward passes to compute the

predicted weights ŵl.

S3.2 Results

We provide the optimal kernel sizes found by our model for different architectures

and datasets in the following. The caption of each figure describes the dataset name,

architecture, and its number of parameters.
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S3.2.1 MNIST

The kernel sizes for our EffConv-20 model with 0.66M parameters on MNIST are

shown in Fig. 3.4.

Figure 3.4: MNIST, EffConv-20, 0.66M.

S3.2.2 CIFAR-10

Figs. 3.5-3.11 represent the learned kernel sizes for the EffConvs with depths in

{26, · · · , 56} as well as the Wide-EffConv-28-1. We presented the ones for EffConv-20

in Fig. 3.2.

S3.2.3 STL-10

Figs. 3.12-3.14 provide the learned kernel sizes for EffConv-20 with different number

of parameters on the STL-10 dataset.
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Figure 3.5: CIFAR-10, EffConv-26, 0.66M.

Figure 3.6: CIFAR-10, EffConv-32, 0.66M.

S3.2.4 ImageNet-32

Fig 3.15 shows the learned kernel sizes of EffConv-20 for the ImageNet-32 benchmark.

S3.2.5 Ablation Study

We provide the learned kernel sizes for EffConv-20 with the number of parameters in

{0.3M, 0.4M, 0.5M} in Figs. 3.16-3.18.
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Figure 3.7: CIFAR-10, EffConv-38, 0.66M.

Figure 3.8: CIFAR-10, EffConv-44, 0.66M.

Figure 3.9: CIFAR-10, EffConv-50, 0.66M.
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Figure 3.10: CIFAR-10, EffConv-56, 0.66M.

Figure 3.11: CIFAR-10, Wide-EffConv-28-1, 0.66M.

Figure 3.12: STL-10, EffConv-20, 0.66M.
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Figure 3.13: STL-10, EffConv-20, 0.71M.

Figure 3.14: STL-10, EffConv-20, 0.78M.

Figure 3.15: ImageNet-32, EffConv-20, 0.50M.
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Figure 3.16: CIFAR-10, EffConv-20, 0.3M.

Figure 3.17: CIFAR-10, EffConv-20, 0.4M.

Figure 3.18: CIFAR-10, EffConv-20, 0.5M.
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Chapter 4: Jointly Training and Pruning CNNs via Learnable Agent Guid-

ance and Alignment

4.1 Introduction

Convolutional Neural Networks (CNNs) have enabled unprecedented achievements

in the last decade in different domains [36, 39, 151, 152]. They have shown a trend for

better performance when benefiting from deeper and wider architectures, larger dataset

sizes, and longer training times with modern hardware [107, 110, 153, 154]. Despite their

accomplishments, the tremendous memory and computational requirements of CNNs pro-

hibit deploying them on edge devices with limited battery and compute resources, making

CNN compression a crucial step before their deployment. The goal is to reduce the size

and computational burden of CNNs while preserving their performance. Model pruning (re-

moving weights [41] or structures [44] like channels and layers), weight quantization [43],

knowledge distillation [45], Neural Architecture Search (NAS) [121, 155], and lightweight

architecture designs [98, 156] are common categories of ideas for CNN compression.

Structural pruning which removes redundant channels of a CNN is our main focus

in this chapter. It is more practically plausible than weight pruning as it can effectively

reduce the inference cost of a model on established hardware like GPUs without requiring
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special libraries [26] or post-processing steps. Further, it demands far less design efforts than

NAS [122] and architecture design methods [120, 157]. The proposed structural pruning

methods determine the importance of each channel using metrics such as resource loss [49],

norm [44], and accuracy [50] and prune a model with techniques like greedy search [47] as

well as evolutionary algorithms [48]. Thanks to the advances of Reinforcement Learning

(RL) methods in complex decision making tasks [158, 159, 160], leveraging RL methods

to determine proper sub-networks of a CNN given a desired budget has been explored in

recent years [46, 161, 162, 163, 164, 165]. AMC [46] trains a DDPG agent [166] to prune

layers of a pretrained CNN. LFP [164] trains an agent to get weights of a CNN’s filters and

determine keeping or pruning them. N2N [161] uses two agents to perform layer removal

and layer shrinkage respectively. Finally, GNNRL [165] utilizes graph neural networks to

identify CNN topologies and employ RL to find a proper compression policy. Despite their

promising results, these models require a pretrained CNN model for training their RL agent

for pruning as the prominent RL algorithms, like DDPG [166] used in AMC [46], cannot

perform well in dynamic environments [167] if one trains model’s weights along with the

agent’s policy.

We propose a novel model pruning method to jointly learn a CNN’s weights and

structurally prune its architecture using an RL agent. As training the weights and pruning

them cannot happen simultaneously, we apply a soft regularization term to the model’s

weights during training to align with the sub-structure chosen by the best agent’s policy.

We iteratively train the model’s weights for one epoch and perform several RL trajectories

observations on the most recent model to update the policy of the RL agent. We design

our RL agent so that in each of its episodic trajectories, its actions determine the pruning
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ratio for each layer of the model. After pruning all layers, we take the resulting model’s ac-

curacy as our agent’s reward. However, as the model’s weights get updated in each epoch,

the reward function of the RL agent changes dynamically between epochs. Accordingly,

the training episodes of our agent are drawn from a non-stationary distribution. Therefore,

one cannot simply employ prominent RL methods like DDPG [166] and Soft Actor-Critic

(SAC) [168] in our framework to prune the model because their core assumption which

is the environment being stationary [167] is not fulfilled. To overcome this challenge, we

design a mechanism to model the evolving dynamics of the agent’s environment. We take

an embedding for each epoch of the training and employ a recurrent model to determine a

representation of the current state of the environment for the agent given the embeddings of

the epochs so far. We train the recurrent model along with a decoder model in an unsuper-

vised fashion to reconstruct the reward values observed in the agent’s trajectories. Finally,

we augment each episodic trajectory of the agent with the representations of the state of

the environment (provided by the recurrent model) at the time of the trajectory. By doing

so, our RL agent has access to all information regarding the dynamic environment, and

we employ SAC [168] to train the agent using the augmented trajectories. In addition, our

soft regularization scheme for alignment of weights and the selected structure by the agent

enables our pruned model to readily recover its performance in fine-tuning. We summarize

our contributions as follows:

• We propose a novel channel pruning method that jointly learns the weights and

prunes the architecture of a CNN model using an RL agent. In contrast with previous

methods using RL for pruning, our method does not need a pretrained model before
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pruning.

• We perform joint training and pruning by iteratively training the model’s weights and

the agent’s policy. We utilize a soft regularization technique to the model’s weights

during training, encouraging them to align with the structure determined by the

agent. By doing so, our method can identify a high-performing base model with

weights that closely match the structure selected by the agent. Consequently, the

pruned model can readily recover its high performance in fine-tuning.

• We design a mechanism to model the dynamics of our evolving pruning environ-

ment. To do so, we use a recurrent model that provides a representation of the state

of the environment to the agent. We augment the trajectories observed by the agent

using the provided representations to train the agent.

The contents of this chapter are based on our work [169] published in CVPR 2024.

4.2 Related Work

Model Pruning: Model compression ideas [170, 171] can be categorized as structural

pruning [44, 73, 75, 76, 77, 172, 173, 174, 175, 176, 177], weight quantization [42, 43, 178],

weight pruning [41, 179, 180], Neural Architecture Search (NAS) [119, 155, 181], knowl-

edge distillation [182], and lightweight architecture design [120, 122]. Structural pruning

focusing on removing redundant channels (filters) of a CNN is the direction most re-

lated to our work. The proposed methods have approached this problem from various

directions like pruning filters with smaller norms [44], applying group regularization [183]
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Figure 4.1: Overview of our method. We jointly train and prune a CNN model using an
RL agent by iteratively training the agent’s policy and model’s weights. In each iteration,
we train the model’s weights for one epoch and perform several episodic observations of
the agent. Left: Each action of our agent prunes one layer of the model, and the proce-
dure of pruning the l-th layer is shown. The agent’s actions on the previous layers and the
remaining layers’ FLOPs determine its state, and we take the resulting model’s accuracy
as its reward (Sec. 4.3.2). As the model’s weights change between iterations, the reward
function also changes accordingly. Thus, we map each epoch to an embedding and employ a
recurrent model to provide a state of the environment z to the agent. (Sec. 4.3.2.1) Right:

Given a sub-network selected by the agent, we train the model’s weights while softly regu-
larizing them to align with the selected structure (Sec. 4.3.2.3).

like LASSO [184] during training, ranking filters’ importance using low-rank decomposi-

tion [97], estimating influence of a filter on loss [185] using the Taylor decomposition, and

meta-learning [50]. Recently, several ideas have employed Reinforcement Learning (RL) for

pruning [46, 161, 162, 163, 164, 165]. LSEDN [163] trains an RL agent to perform layer-wise

pruning on DenseNet [40]. N2N [161] proposed a two-stage process that employs two recur-

rent RL agents in which one agent removes layers of a pretrained CNN, and then, the other

agent shrinks each remaining layer. LFP [164] introduces ‘try-and-learn’ scheme in which

RL agents learn to take layers’ weights and predict binary masks for pruning or preserving

layers’ filters. AMC [46] takes a pretrained CNN and trains a DDPG [166] to prune its

convolution layers. Yet, these models can only prune pretrained models and cannot jointly

train and prune the models. The main reason is that they employ off-the-shelf RL meth-
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ods [166, 168] that assume stationary training environments, but if the model’s weights

change during pruning, the environment will not be stationary. We develop a novel channel

pruning method that jointly learns a CNN’s weights and prunes its architecture using an

RL agent in an iterative manner. We design a procedure to model the changing dynamics of

the reward function of our RL agent using a recurrent model that provides a representation

of the current state of the environment. In addition, we regularize the model’s weights to

align with the structure determined by the agent. Thanks to such designs, our method can

train a base model and select a perfromant sub-network of it that can easily recover its

performance in fine-tuning.

Reinforcement Learning: RL methods [186, 187] have achieved outstanding results in

complex tasks [158, 159, 160] using techniques like Q-learning [188] and policy optimiza-

tion [189]. Yet, it has been shown that they cannot generalize to new variations of their

primary task [167, 190]. Continual RL methods [167] are related to our work as our agent’s

environment is non-stationary. The proposed ideas address different non-stationarity con-

ditions. For example, multi-task learning [191] and meta-learning methods [192, 193, 194]

assume that sequential tasks presented to the agent have an unknown stationary distribu-

tion. Curriculum learning ideas [195, 196, 197] aim to learn the agent’s own curriculum in

single or multi-agent dynamic environments. Finally, a group of methods [198, 199, 200]

make assumptions on the variation budget of the reward function to improve learning of

the agent. We refer to [167] for a comprehensive review on continual RL methods. Different

from the mentioned ideas, we employ a recurrent model to model the changing dynamics of

the environment of our agent and augment its observations with it to enable using episodic

RL methods to train our agent.
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4.3 Method

We propose a new channel pruning method for CNNs to jointly learn the weights

of a CNN model and prune its filters using an RL agent. To do so, we iteratively train

the model’s weights and the agent’s policy. We design the agent such that its actions

determine the compression rate of the model’s layers, and we take the accuracy of the

pruned model as the reward function for the agent. Nevertheless, as we update the model’s

weights iteratively, the reward associated with a certain action changes in consecutive

iterations, which results in a non-stationary environment for the agent and prevents using

episodic RL methods for our purpose as they assume the environment is stationary. We

develop a mechanism in which a recurrent network models the changing dynamics of the

reward function and provides a representation of the changing state of the environment

to the agent to alleviate this challenge. Finally, as we cannot both train and prune the

weights simultaneously during training, we propose a regularization to align the model’s

weights with the selected sub-network by the agent. Fig. 4.1 shows the overall scheme of

our method.

4.3.1 Notations

We denote the number of layers in a CNN with L and the weights of its l-th convo-

lution layer with Wl ∈ RCl+1×Cl×Wl×Hl . Cl+1, Cl represent the number of output and input

channels of the layer, and Wl as well as Hl are the spatial dimensions of its kernel. We

show the stride of the l-th layer with stridel, and FLOPs[l] is its FLOPs value. Finally, we

show the floor function with ⌊·⌋
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4.3.2 Iterative Weight Training and Compression

We iteratively train a CNN’s weights and optimize the policy of an RL agent to jointly

train and prune it. Specifically, in each iteration, we first train the model’s weights for one

epoch on our training dataset while the agent is fixed. Then, we keep the model’s weights

frozen and our agent observes several episodic trajectories by performing its actions on the

CNN’s layers. To employ an RL agent to prune our model, we need to define three main

components for the agent: States that it visits in the environment, the actions that it can

perform, and the reward function given states and actions. We describe our choices for each

one in the following, and we denote the desired FLOPs budget for the pruned model with

FLOPsdesire.

States of the Agent: We design our RL agent to perform actions that determine the

pruning rate for consecutive layers of the CNN model. Thus, the agent’s states depend on

the index of the layer that the agent is currently pruning; the layer’s characteristics like

its kernel size and FLOPs; and the number of FLOPs that the agent has already pruned

as well as the amount it has to prune from the remaining layers. Formally, given that the

agent is currently pruning the l-th layer, we define the state of the environment as follows:

Sl =[l, Cl, Cl+1, stridel, kl,

FLOPs[l],FLOPs1:l−1,FLOPsl+1:L, al−1]

(4.1)

where kl is the layer’s kernel size. FLOPs1:l−1 denotes the number of previous layers’ FLOPs

given the actions that the model has done so far on them. FLOPsl+1:L shows the next layers’

FLOPs that are not pruned yet, and al−1 is the agent’s action on the previous layer.
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Actions of the Agent: Based on the state Sl for the l-th layer, our agent determines

its pruning rate al such that al ∈ [0, 1). Given the predicted pruning rate al, we remove

⌊al × cl⌋ channels of the layer. In addition, we calculate the minimum and maximum actual

feasible pruning rates for the current layer based on FLOPs1:l−1, FLOPs[l], FLOPsl+1:L,

and the desired budget FLOPsdesire. Then, we bound the predicted action al to lie in the

range [al,min, al,max]. We refer to supplementary S4.1 for more details. In our experiments,

we found that ranking the importance of filters using the norm criteria [44] and pruning

the ones with the lowest rank works well in our framework, but one may employ more

sophisticated approaches [97] as well.

Reward Function: We set our reward function to be the pruned model’s accuracy on

a small held-out subset of the training dataset as a proxy for its final performance. As

our agent prunes one layer of the model at a time, it will be extremely time-consuming

to calculate the proxy value after each action of the agent. Thus, we take one pass of the

agent on all layers of the model as one episodic trajectory for it. Then, we calculate the

final pruned model’s accuracy on the subset at the end of the trajectory and take it as the

reward value for all state-action pairs seen during the trajectory.

4.3.2.1 Modeling the Dynamic Nature of Rewards

As we iteratively train the model’s weights and the agent’s policy, the weights of

the convolution layers that the agent performs its actions on them are not static in our

framework. Thus, our reward function is dynamic in the course of training, which prohibits

directly applying prominent RL methods [166, 168] that leverage episodic trajectories to
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train the agent’s policy in our framework. The reason is that the optimization procedure

of these models is biased to only optimize the agent’s policy w.r.t the current episode’s

distribution and disregards the changing dynamics of the environment, resulting in a sub-

optimal policy [167].

We design a new mechanism to overcome this challenge by providing a representation

of the dynamic environment to the agent. To do so, first, we map the index of each

epoch for training the model’s weights to an embedding. Then, we employ a recurrent

GRU model [201] that takes a sequence of the embeddings corresponding to the epochs

that have been passed so far and outputs a representation of the current state of the

model’s weights. Formally, if we train the model’s weights for total T epochs, we denote

the epoch embeddings corresponding to epoch indexes E = [e1, e2, · · · , eT ] with Ψ1:T =

[ψ1, ψ2, · · · , ψT ] (ψ1 = Emb(e1), Emb is a learnable embedding layer). We calculate the

representation of the state of the model’s weights at the epoch ek as follows:

zk = fEnv(Ψ1:k, h0; θEnv) (4.2)

fEnv denotes the recurrent model. Ψ1:k are the embeddings of epochs until the epoch ek. h0

is the initial hidden state of the GRU that we set it to a zero vector, and θEnv are the

parameters of the GRU. We show in section 4.3.2.2 that we use the representations z

provided by the GRU for training our RL agent.

We propose to train the recurrent model using another model that we call it ‘decoder.’

The decoder model takes 1) the state-action pairs (S, a) and 2) the representation z of the

state of the environment when the agent observes (S, a) and predicts the agent’s reward
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r. Our intuition is that the representation z is informative of the state of the environment

when the decoder can use it to accurately predict r. We train both the recurrent model’s

weights and the ones for the decoder using the following objective:

min
θEnv ,θD

Lrecons = E(s,a,r,e)∼B[(r̂ − r)2] (4.3)

r̂ = fD(S, a, z; θD) (4.4)

z = fEnv(Ψ, h0; θEnv) (4.5)

In practice, we approximate the expectation in Eq. 4.3 using the agent’s episodic observa-

tions during training. fD is our decoder model, and θD represents its parameters.

4.3.2.2 RL Agent Training

We employ our recurrent model and the Soft Actor-Critic (SAC) [168] method to

train our RL agent. We augment the states S with the representations of the environment’s

state z and design our agent’s policy function so that it predicts a distribution over actions

conditioned on both of them:

a ∼ π(·|S, z ; θA) (4.6)

Similarly, we deploy the representations z when calculating the predicted Q-values by the

critic networks in SAC. We train them using the mean squared Bellman error objective:

L(φi) = E(s,a,r,s′,d,e)∼B[(Qφi
(s, a, z) − y(r, s′, d, z))2] (4.7)
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y(r, s′, d, z) = r + γ(1 − d)[min
j=1,2

Qφtarg,j
(s′, a′, z) −

α log(π(a′|s′, z; θA))];

a′ ∼ π(·|s′, z; θA); z = fEnv(Ψ, h0)

(4.8)

Qφi
represents the critic models, and Qφtarg,i

shows their target models obtained using

Polyak averaging.B is a replay buffer containing previous episodic trajectories observed. (s, a)

are state-action pairs from B. d indicates whether the state s is a terminal state. s′ repre-

sents the state that the model gets in after taking the action a when being in the state s. a′

is an action chosen using the most recent policy π(·; θA) conditioned on the state s′ and

environment representation z. γ is the discount factor for future rewards. α determines the

strength of the entropy regularization term, which is a hyperparameter. Finally, we train

the agent’s policy using the following objective:

max
θA

E(s,e)∼B[min
j=1,2

Qφj
(s, a) − α log π(a|s, z; θA)]

a ∼ π(a|s, z; θA)

(4.9)

4.3.2.3 Soft Regularization of the Model’s Weights

As mentioned in the section 4.3.2, we iteratively train and prune the model’s weights

in our framework. One approach to do so can be actually pruning the model’s architecture

by removing the redundant channels selected by the agent and only training the remain-

ing ones in the weight training phase. However, doing so can make the training procedure

unstable because it can significantly drop the model’s accuracy. Accordingly, we propose
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Algorithm 2 Joint Training and Pruning
Input: Training dataset D = {(xi, yi)}; replay buffer B; CNN model fc(·; W ) with L layers;

Agent π(·; θA); Two Critics Qφi
(·) and their target models Qφtarg,i

(i ∈ {1, 2}); recurrent
model fEnv and epoch embeddings Ψ; regularization parameters α, β; discount factor γ;
number of iterations T; number of pruning episodes per iteration P; a subset Ds of D for
calculating the agent’s reward.

for t := 1 to T do
/* Representation of Environment */

1. Calculate zt using fEnv and embeddings Ψ in Eq. (4.2).
/* RL Agent Exploration and Training */

for p := 1 to P do
2. Prune the L layers of the CNN fc one at a time by calculating states Sl,p,t and actions
al,p,t using zt and Eqs. (4.1,4.6).

3. Calculate the reward rp,k using the final pruned model and Ds.
4. Add the experiences (Sl,p,t, al,p,t, Sl+1,p,t, et, rp,k) to the replay buffer B.

end
5. Sample a batch of previous experiences B from B and use them to calculate the loss value
for the recurrent model, decoder, and epoch embeddings using Eq. (4.3). Then, update their
parameters using the Adam optimizer.

6. Use the samples in B to calculate the loss values of the critics Qφi
(·) and the agent π(·; θA)

using Eqs. (4.7, 4.9).
7. Backpropagate the gradients of the calculated losses and update the parameters of the two
critic models and the agent using the Adam optimizer.

/* Training the CNN’s Weights */

8. Use the policy π(·) with the highest reward so far to determine the binary architecture
vectors [v1, v2, · · · , vL].

9. Calculate the loss Lw for the model’s weights using Eqs. (4.10, 4.11). Backpropagate its
gradients and update the model’s parameters using SGD.

end
Return: Trained CNN model and agent.
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an alternative approach to softly regularize the model’s weights to align with the selected

sub-network by the agent. Given binary architecture vectors [v1, v2, · · · , vL] denoting the

channels selected by the current best agent for each layer, we use the following regulariza-

tion term to train the model’s weights:

Lalign =
L∑

l=1

||(1 − vl) ⊙ Wl||2 (4.10)

Here, ⊙ means element-wise product and the proposed objective applies the Group Lasso

regularization on the channels removed by the agent. Finally we combine the standard

Cross Entropy Loss (Lclass) with proposed Lalign to train the model’s weights:

Lw = Lclass + βLalign (4.11)

In practice, we apply Lalign using the version of the policy with the highest reward until

the current training iteration to make the training more stable. We summarize our training

algorithm for training the model’s weights and optimizing the agent’s policy in Alg. 2.

4.4 Experiments

We conduct experiments on ImageNet [31] and CIFAR-10 [5] to analyze the per-

formance of our method. For all experiments, we use fully connected models with two

hidden layers of size 300 for the architecture of the actor, two critics, and two target

models of the critic models. We train the agent and critic models using the Adam op-

timizer [102] with learning rate of 1e−4 and 1e−3 respectively. We use exponential de-
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Table 4.1: Comparison results on CIFAR-10 for pruning ResNet-56 and MobileNet-V2.

Model Method Baseline Acc Pruned Acc ∆-Acc Pruned FLOPs

ResNet-56

DCP-Adapt [76] 93.80% 93.81% +0.01% 47.0%
SCP [94] 93.69% 93.23% −0.46% 51.5%

FPGM [74] 93.59% 92.93% −0.66% 52.6%
SFP [95] 93.59% 92.26% −1.33% 52.6%
AMC [46] 92.80% 91.90% −0.90% 50.0%
FPC [96] 93.59% 93.24% −0.25% 52.9%

HRank [97] 93.26% 92.17% −0.09% 50.0%
DTP [202] 93.36% 93.46% +0.10% 50.0%

RLAL (ours) 93.41% 93.86% + 0.45% 50.0%

MobileNet-V2

Uniform [76] 94.47% 94.17% −0.30% 26.0%
SCOP [203] 94.48% 94.24% −0.24% 26.0%
MDP [204] 95.02% 95.14% +0.12% 28.7%
DCP [76] 94.47% 94.69% +0.22% 40.3%

DDNP [174] 94.58% 94.81% + 0.23% 43.0%
RLAL (ours) 94.48% 94.85% + 0.37% 49.4%

cay rates of (β1, β2) = (0.9, 0.999) for all of them. For our recurrent model, we use a

GRU [201] model with the input size of 128. We also take embeddings of size 128 for all

epochs (Sec. 4.3.2.1). We employ a fully connected model we two hidden layers of size

300 as our decoder model. We train the GRU model, epoch embeddings, and the de-

coder model using the Adam optimizer with learning rate of 1e−3 and decay parameters

of (β1, β2) = (0.9, 0.999). We set the entropy regularization coefficient α to 0.1 and β for

soft regularization to 1e−4 for all models. Finally, we choose the number of episodic ob-

servations per epoch for our agent to be P = 10 (see Alg. 2). In all experiments, as we

jointly train and prune our model by using Reinforcement Learning and softly ALigning

the weights of the model with the selected sub-networks, we call our method RLAL. We

refer to supplementary S4.2 for more details of our experiments.
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Table 4.2: Comparison results on ImageNet for pruning ResNet-18/34 and MobileNet-V2.

Model Method Baseline Top-1 Acc Baseline Top-5 Acc ∆-Acc Top-1 ∆-Acc Top-5 Pruned FLOPs

ResNet-18

MIL [205] 70.28% 89.63% −3.18% −1.85% 41.8%
SFP [95] 70.28% 89.63% −3.18% −1.85% 41.8%

FPGM [74] 70.28% 89.63% −1.87% −1.15% 41.8%
PFP [206] 69.74% 89.07% −2.36% −1.16% 29.3%

SCOP [203] 69.76% 89.08% −1.14% −0.93% 45.0%
GNNRL [165] 69.76% - −1.10% - 51.0%

GP [207] 70.28% 89.63% −1.40% −0.97% 43.9%
PGMPF [208] 70.23% 89.51% −3.56% −2.15% 53.5%
FTWT [209] 69.76% - −2.27% - 51.5%
EEMC [80] 70.28% 89.63% −2.01% −1.19% 46.6%

RLAL (Ours) 69.80% 89.10% −0.80% −0.42% 50.0%

ResNet-34

SFP [95] 73.92% 91.62% −2.09% −1.29% 56.0%
FPGM [74] 73.92% 91.62% −1.29% −0.54% 41.1%
Taylor [75] 73.31% - −0.48% - 24.2%
SCOP [203] 73.31% 91.42% −0.69% −0.44% 44.8%

GP [207] 73.92% 91.62% −1.14% −0.69% 51.1%
DMC [49] 73.30% 91.42% −0.73% −0.31% 43.4%

PGMPF [208] 73.27% 91.43% −1.68% −0.98% 52.7%
FTWT [209] 73.30% - −1.59% - 52.2%

GFS [47] 73.31% - −0.40% - 43.8%
ISP [64] 73.31% 91.42% −0.45% −0.40% 44.0%

RLAL (Ours) 73.45% 91.48% − 0.14% − 0.23% 50.0%

MobileNet-V2

Uniform [98] 71.80% 91.00% −2.00% −1.40% 30.0%
AMC [46] 71.80% - −1.00% - 30.0%

Random [210] 71.88% - −0.98% - 28.9%
CC [99] 71.88% - −0.97% - 28.3%

MetaPruning [50] 72.00% - −0.80% - 30.7%
RLAL (ours) 71.82% 90.26% − 0.50% − 0.33% 29.4%

4.4.1 CIFAR-10 Results

Tab. 4.1 summarizes comparison results on the CIFAR-10 dataset. As can be seen,

for ResNet-56, RLAL can achieve the best accuracy vs. computational efficiency trade-off

compared to the baseline methods. One the one hand, it is able to prune FLOPs with a

rate comparable to (< 3% lower) FPC [96] while achieving +0.70 higher ∆-Acc. On the

other hand, only RLAL, DTP [202], and DCP-Adapt are able to outperform their base-

line methods. RLAL can both prune 3% more FLOPs and accomplish 0.44% better ∆-Acc

than DCP-Adapt. It also has 0.44% higher ∆-Acc than DTP with the same FLOPs re-

duction ratio. Finally, with the same FLOPs pruning rate, RLAL significantly outperforms

AMC [46] with 1.35% higher ∆-Acc. For MobileNet-V2, RLAL can attain the highest ∆-
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Acc while having the largest pruning rate at the same time. It remarkably prunes 6.4%

more FLOPs than DDNP [174] while obtaining 0.14% higher ∆-Acc. In summary, these

results demonstrate the effectiveness of our method for finding efficient yet accurate models.

4.4.2 ImageNet Results

We present the experimental results on ImageNet in Tab. 4.2. For ResNet-18, RLAL

shows the best ∆-Acc Top-1/5 while showing a competitive pruning rate. It has a similar

pruning rate (only 1% lower) to GNNRL [165] and achieves 0.30% higher ∆-Acc Top-1. For

pruning ResNet-34, RLAL is able to find a proper balance between accuracy and efficiency

of the model. For instance, with a similar computation budget to GP [207] (only 1.1%

FLOPs difference), RLAL’s pruned model has 1%/0.46% higher ∆-Acc Top-1/5. More-

over, RLAL shows better final accuracies than ISP [64] while significantly pruning more

FLOPs with a 6% margin. Pruning MobileNet-V2 is more challenging compared to ResNets

because MobileNets [98, 156] are primarily designed for efficient inference. Accordingly, im-

provements in metrics are more difficult to secure than ResNet cases. We can observe that

all methods have close FLOPs pruning rates in a relatively small range from 28.3% to

30.7%. RLAL can achieve 0.5% higher ∆-Acc Top-1 while pruning only 0.6% lower FLOPs

compared to AMC, and it has the best ∆-Acc Top-1 among baselines. These results il-

lustrate the capability of our method to effectively prune both large and small size mod-

els. Further, we highlight the advantages of our method compared to baseline RL-based

pruning methods, GNNRL [165] and AMC [46], as it can obtain more accurate pruned

models while not requiring a pretrained model for pruning.

106



0 10 20 30 40 50 60 70 80 90

Epochs

70

75

80

85

90

B
e
s
t	
R
e
w

a
rd

Episode	per	Epochs:	5
Episode	per	Epochs:	10
Episode	per	Epochs:	15

(a) Pruning Rate: 35%

0 10 20 30 40 50 60 70 80 90

Epochs

60

65

70

75

80

85

90

B
e
s
t	
R
e
w

a
rd

Episode	per	Epochs:	5
Episode	per	Epochs:	10
Episode	per	Epochs:	15

(b) Pruning Rate: 50%

0 10 20 30 40 50 60 70 80 90

Epochs

50

55

60

65

70

B
e
s
t	
R
e
w

a
rd

Episodes	per	Epoch:	5
Episodes	per	Epoch:	10
Episodes	per	Epoch:	15

(c) Pruning Rate: 65%

0 10 20 30 40 50 60 70 80 90

Epochs

70

75

80

85

90

B
e
s
t	
R
e
w

a
rd

w/o	Emb

w	Emb

(d) Pruning Rate: 35%
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(f) Pruning Rate: 65%
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(g) Pruning Rate: 35%
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(h) Pruning Rate: 50%
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(i) Pruning Rate: 65%

Figure 4.2: Results of ablation experiments on CIFAR-10. (a-c) Best reward of our agent when
using a different number of episodes per epoch for three pruning rates when pruning ResNet-56. (d-
f) Best reward with/without using our mechanism to provide representations of the environment
to our agent during training for three pruning rates for ResNet-56. (g-i) Same results of (d-f)
for MobileNet-V2.

4.4.3 Ablation Studies

We conduct ablation experiments to explore our method’s behavior by studying 1) the

effect of changing the number of episodic observations of the agent in each epoch and 2) the

advantage of using our soft regularization, epoch embeddings, and the recurrent environ-

ment model in our framework. We refer to supplementary S4.2 for details of experimental
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Table 4.3: Ablation Results of our method for pruning ResNet-56 on the CIFAR-10
dataset. EE represents the Epoch Embeddings. SR represents the Soft Regularization
in Eq. 4.10.

Setting
Baseline

Acc
Pruned

Acc
∆-Acc

Pruned
FLOPs

w/o EE 93.47% 93.44% −0.03%
50%w/o EE + w/o SR 93.33% 93.12% −0.21%

Ours 93.41% 93.86% +0.45%

settings.

Changing the Number of Episodes: We experiment using a ResNet-56 [39] model on

CIFAR-10 with three different pruning rates in {35%, 50%, 65%}, and we set the number of

episodic observations for our agent in each epoch from {5, 10, 15}. For each pruning ratio,

we visualize the best reward that the agent achieves during the training vs. the epoch

numbers. The results are shown in Fig. 4.2 (a-c). We can observe a common trend in all

cases that increasing the number of episodes results in a higher final reward, especially, the

higher number of episodes benefits more when the desired compression ratio is larger at

the cost of longer training time. However, if the number of episodes is large enough, our

method can attain a decent final reward value in a reasonable time.

Benefit of the Recurrent Environment Model: In our second experiment, we prune

and finetune ResNet-56 and MobileNet-V2 [98] with three pruning rates in {35%, 50%, 65%}

while using/dropping our mechanism to provide a representation of the environment to the

agent using the epoch embeddings and our recurrent model. We visualize the best reward of

the agent in the course of training. The results for ResNet-56 and MobileNet-V2 are shown

in Fig. 4.2 (d-f) and Fig. 4.2 (g-i), respectively. The cases using/not using our mechanism

are shown with ‘w Emb’/‘w/o Emb.’ The results clearly demonstrate the benefit of our
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design that provides a representation of the environment to the agent. We can find that

‘w/o Emb’ cases commonly reach to a relatively high reward but cannot properly deal with

the dynamic reward function for their agent to further improve their policy. In contrast, our

method can consistently enhance its policy to reach higher reward values during training.

In our third experiment, we prune ResNet-56 on CIFAR-10 with two settings: 1)

not using the recurrent model and epoch embeddings to provide representations of the

environment to the agent 2) neither using the recurrent model and epoch embeddings nor

the soft regularization. We present the results in Tab. 4.3. One can notice that removing

each component of our method degrades its performance, especially not using the recurrent

model and epoch embeddings severely degrades our method’s accuracy, which is inline with

the results presented in Fig. 4.2 and discussed above. In summary, our ablation studies

illustrate the effectiveness of our design choices in our method for jointly training and

pruning a CNN model.

4.5 Chapter Summary and Conclusion

We proposed a method for structural pruning of a CNN model that jointly trains its

weights and prunes its channels using an RL agent. Our method iteratively updates the

model’s weights and allows the agent to observe several episodic pruning trajectories that

it performs on the model to update its policy. Our agent’s actions determine the pruning

ratios for the layers of the model, and we set the resulting model’s accuracy to be the

agent’s reward. Such a design brings about a dynamic reward function for the agent. Thus,

we developed a mechanism to model the complex dynamics of the reward function and yield
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a representation of it to the agent. To do so, we mapped the index of each epoch of the

training to an embedding. Then, we employed a recurrent model that takes the embeddings

and provides a representation of the evolving environment’s state to the agent. We train

the recurrent model and embeddings by utilizing a decoder model that predicts the agent’s

rewards given observed states, actions, and environment representations predicted by the

recurrent model. Finally, we regularized the model’s weights to align with the sub-network

selected by the agent’s policy with the highest reward during training. Our designs enable

the agent to effectively leverage the environment representations along with its episodic

observations to learn a proper policy for pruning the model while interacting in our non-

stationary pruning environment. Our experiments on ImageNet and CIFAR-10 demonstrate

that our method can achieve competitive results with prior methods, especially the ones

that use RL for pruning, while not requiring a pretrained model before pruning like them.
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Supplementary Materials for Chapter 4

S4.1 Bounding our Agent’s Actions

As mentioned in Section 4.3.2.2, we calculate the minimum (al,min) and maximum

(al,max) feasible pruning rates for the l-th layer before pruning it to ensure that reaching

the desired FLOPs budget, FLOPsdesire, is still possible after doing so. However, before

formally introducing our scheme for calculating al,min, al,max, we present how we implement

our pruning actions in practice.

S4.1.1 Implementation of our Agent’s Actions

We describe our implementation for our agent’s actions for each architecture. For all

models, we take each block of a CNN model as one ‘layer’ in our framework.

ResNets: for our experiments on ResNet [39] models (ResNet-56 on CIFAR-10 [5] and

ResNet-18/34 on ImageNet [31]), we take each residual block as one layer. It contains a

structure as Conv1-BN-ReLU-Conv2-BN where Conv1 and Conv2 are the convolution layers,

BN represents Batch Normalization [146], and ReLU is the ReLU activation function. For

each block, given the predicted action al for pruning it, we remove ⌊al × c⌋ output channels

of the Conv1 layer and the same number of input channels of the Conv2 layer where c is

the number of output/input channels of Conv1/Conv2.

MobileNet-V2: for experiments using MobileNet-V2, we take each inverted residual block [98]

as one layer for pruning. Each block has the structure with

Conv1-BN-ReLU6-DW Conv-BN-ReLU6-Conv2-BN form where DW Conv is a depth-wise con-
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volution layer. Given the predicted action al, we remove ⌊al × c⌋ output channels of Conv1

and the same amount of channels of DW Conv and input channels of Conv2.

In summary, our pruning scheme changes the inner number of channels in each block

of a CNN and preserves its number of input and output channels.

S4.1.2 Calculating Action Bounds

We calculate al,min, al,max for the l-th layer based on the total model’s FLOPs that we

denote with FLOPsT the number of FLOPs for the previous pruned layers FLOPs1:l−1; the

number of FLOPs for the next remaining layers FLOPsl+1:L; FLOPs[l]; and FLOPsdesire. The

formulations are as follows:

al,min = 1 −
FLOPsdesire − FLOPs1:l−1

FLOPs[l]
(4.12)

al,max = 1 −
FLOPsdesire − FLOPs1:l−1 − FLOPsl+1:L

FLOPs[l]
(4.13)

In these equations, al,max prevents very high pruning rates that even if all the next

layers are kept intact, reaching FLOPsdesire get infeasible. Similarly, al,min provides the min-

imum pruning rate for the current layer given all the next layers are pruned completely. We

clip the predicted action al to lie in [al,min, al,max] when pruning the l-th layer.

S4.2 Experimental Settings

We provide more details of our experimental settings in the following.
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CIFAR-10: For CIFAR-10 experiments, we evaluate our method on ResNet-56 [39] and

MobileNet-V2 [98]. In our iterative pruning phase, we train both of the CNN models for 200

epochs with the batch size of 128 using SGD with momentum [211] of 0.9, weight decay

of 1e−4, and starting learning rate of 0.1. We decay the learning rate by 0.1 on epochs

100 and 150. We take 5000 samples of the training dataset as a subset for calculating the

agent’s reward. For all cases, we start to train the RL agent after 10 warmup epochs of the

model’s weights. Specifically, we collect initial data for the replay buffer of the RL agent

from epochs 10 to 20. Then, for both ResNet-56 and MobileNet-V2, we update the agent

from epoch 20 until the epoch 90, and we train only the model’s weights from epoch 90 to

200. After the iterative stage, we prune the model’s architecture and finetune it with the

same settings for the base model.

ImageNet: We use ResNet-18, ResNet-34, and MobileNet-V2 for ImageNet experiments. For

the iterative training stage of ResNets, we use SGD as the optimizer with the momentum

of 0.9, weight decay of 1e−4, and the start learning rate of 0.1. We train ResNet models

for 90 epochs, and we decay the learning rate to 0.01 and 0.001 at epochs 30 and 60. For

MobileNet-V2, we do so for 155 epochs with a batch size of 256. We train the model’s

weights using SGD with the momentum of 0.9, weight decay of 1e−4, and starting learning

rate of 0.05 decayed using cosine scheduling [212]. For all cases, we use 50000 samples of

the training dataset to evaluate rewards of the agent. Similar to CIFAR-10 experiments,

we train the model’s weights for 10 warmup epochs followed by 10 epochs for filling the

replay buffer of the RL agent. Then, for MobileNet-V2, we train the agent’s policy from

epochs 20 to 90, and we only train the model’s weights from epoch 90 to 155. After the

pruning stage, we fine-tune the pruned model with the same training parameters as the
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base model. For ResNet models, we train the agent’s policy from epochs 20 to 70, and the

model’s weights are trained from epochs 70 to 90.

Ablation Experiments: We follow the same settings as mentioned above for our ablation

experiments in Tab. 4.3. For the visualizations in Fig. 4.2, we use the same settings except

that we perform our iterative pruning scheme for 90 epochs.
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Part II

Pruning Methods for Efficient Inference of Deep Generative Models
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Chapter 5: Compressing Image-to-Image Translation GANs Using Local

Density Structures on Their Learned Manifold

5.1 Introduction

Image-to-Image translation [213, 214] Generative Adversarial Networks (I2IGANs)

[215] have shown excellent performance in many real-world computer vision applications:

style transfer [216], converting a user’s sketch to a real image [217], super resolution [218,

219], and pose transfer [220, 221]. Yet, I2IGANs require excessive compute and memory

resources. Moreover, the mentioned tasks require real-time user interaction, making it in-

feasible to deploy I2IGANs on mobile and edge devices in Artificial Intelligence of Things

(AIoT) with limited resources. Thus, developing compression schemes for GANs to preserve

their performance and reduce their computational burden is highly desirable. As the train-

ing dynamics of GAN models are notoriously unstable, GAN compression is much more

challenging than pruning other deep models like Convolutional Neural Network (CNN)

classifiers.

Despite that notable efforts have been made to compress CNNs [41, 43, 44, 47, 98, 222],

GAN compression has only been explored in recent years. Early works have proposed a com-

bination of prominent CNN pruning techniques like Neural Architecture Search (NAS) [223,
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224, 225, 226, 227], Knowledge Distillation [228, 229, 230, 231, 232, 233, 234, 235], and chan-

nel pruning [44, 227] to prune GANs. However, GAN Slimming [229] demonstrated that

heuristically stacking several CNN pruning methods for GAN compression can degrade the

final performance mainly due to the instabilities of GAN training. GCC [236] empirically

showed the importance of restricting the discriminator’s capacity during compression. It

demonstrated that the previous methods’ unsatisfactory performance might be because

they only pruned the generator’s architecture while using the full-capacity discriminator.

By doing so, the adversarial game cannot maintain the Nash Equilibrium state, and the

pruning process fails to converge appropriately. Although some of these methods have

shown competitive results [225, 236], they do not explicitly consider an essential charac-

teristic of GANs as generative models during pruning, which is their density structure over

their learned manifold.

In this chapter, we propose a novel GAN Compression method by enforcing the simi-

larity of the density structure of the original parameter-heavy model and the pruned model

over the learned manifold of the original model. Our intuition is that the difference in

density structures can serve as the supervision signal for pruning. Specifically, at first,

we partition the learned manifold of the original model into local neighborhoods. We ap-

proximate each neighborhood with a generated sample and its nearest neighbors on the

original model’s manifold. We leverage a pretrained self-supervised model fine-tuned on

the training dataset to find the neighborhoods. Then, we introduce an adversarial pruning

objective to encourage the pruned model to have a similar local density structure to the

original model on each neighborhood. By doing so, we break down the task of preserving

the whole density structure of the original model on its learned manifold into maintaining
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local density structures on neighborhoods of its manifold, which resembles kernel density

estimation [237]. In addition, we design a new adversarial GAN compression scheme in

which two pruning agents (we call them genG and genD, which determine the structure of

the generator G and discriminator D) collaboratively play our proposed adversarial game.

Specifically, each agent takes the architecture embedding of its colleague as its input to

determine the structure of its corresponding model in each iteration. By doing so, genG

and genD will be able to effectively preserve the balance between the capacities of G and

D and keep the adversarial game close to the Nash Equilibrium state during the pruning

process. We summarize our contributions as follows:

• We propose a novel GAN compression method that encourages the pruned model to

have a similar local density structure as the original model on neighborhoods of the

original model’s learned manifold.

• We design two pruning agents that collaboratively play our adversarial pruning game

to compress both the generator and discriminator together. By doing so, our method

can effectively preserve the balance between the capacities of the generator and dis-

criminator and show more stable pruning dynamics while outperforming baselines.

• Our extensive experiments on Pix2Pix [213] and CycleGAN [214] on various datasets

demonstrate our method’s effectiveness.

The contents of this chapter are based on our work [238] published in AAAI 2024.
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Original Model’s Learned Manifold
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Figure 5.1: Our GAN pruning method. We encourage the pruned generator to preserve the
density structure of the original model over its learned manifold during pruning. To do so, we
partition the manifold into local neighborhoods around the samples generated by the original
generator (Fig. 5.2) and represent each local neighborhood with a ‘Center’ sample (shown with
a red frame) and its neighbors (blue frames). We use these samples as ‘real’ samples and the
one generated by the pruned generator as a ‘fake’ one in our adversarial pruning objective. We
implement our adversarial game with two pruning agents, genG and genD, that collaboratively
learn to prune the original pretrained G and D. genG (genD) takes the architecture embedding
of their colleague genD (genG) when determining the architecture of G (D). By doing so, genG

and genD can maintain the balance between the capacity of G and D during pruning and make
the process stable. (Fig. 5.4)

5.2 Related Work

GAN Compression: GANs require two orders of magnitude more computation than

CNNs [224]. Hence, GAN compression is crucial prior to deploying them on edge de-

vices. Search-based methods [224, 239, 240, 241] search for a lightweight architecture for

the generator but are extremely costly due to their vast search space. Pruning meth-

ods [224, 225, 229, 242] prune the redundant weights of the generator’s architecture but

neglect the discriminator. They result in an unbalanced generator and discriminator ca-

pacities, leading to mode collapse [236]. To address this problem, discriminator-free meth-

ods [232, 243] distill the generator into a compressed model without using the discrimina-
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tor. In another direction, GCC [236] and Slimmable GAN [233] prune both the generator

and discriminator together. Slimmable GAN sets the discriminator’s layers’ width propor-

tional to the ones for the generator during pruning. Yet, GCC empirically showed there is

no linear relation between the number of channels of the generator and optimal discrimina-

tor, and Slimmable GAN’s approach is sub-optimal. Inspired by GCC, we use two pruning

agents that learn to determine the architectures of the generator and discriminator in our

proposed adversarial game. Each agent gets feedback from its peer when determining its

corresponding model’s architecture. Thus, they can effectively preserve the balance between

the generator and discriminator and stabilize the pruning process.

Manifold Learning for GANs: The manifold hypothesis indicates that high-dimensional

data like natural images lie on a nonlinear manifold with much smaller intrinsic dimension-

ality [244]. Accordingly, a group of methods alter the training [245] and/or architecture

of GANs by using several generators [246], including a manifold learning step in the dis-

criminator [247], and local coordinate coding based sampling [248]. Yet, one cannot use

these methods for pruning GANs that are pretrained with other methods. Another group

of ideas observed that semantically meaningful paths and neighborhoods exist in the latent

space of trained GANs. [249, 250]. Inspired by these methods, we propose to partition the

learned manifold of a pretrained GAN into overlapping neighborhoods. Then, we develop

an adversarial pruning scheme that encourages the pruned model to have a similar density

structure to the original one over each neighborhood.

Network Pruning: Model compression [170] is a well-studied topic, and proposed methods

have primarily focused on compressing CNN classifiers. They use various techniques like

weight pruning [41], light architecture design [120, 156], weight quantization [43], structural
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pruning [44, 46, 47, 64], knowledge distillation [251], and NAS [119, 252]. We focus on

developing a compression method for GANs, which is a more challenging task due to the

instability and complexity of their training [229].

5.3 Proposed Method

We develop a new GAN compression method that explicitly regularizes the pruned

model not to forget the density structure of the original one over its learned manifold.

However, directly applying such regularization along with compression objectives can make

the pruning process unstable because of the complex nature of training GANs. Thus, we

simplify this objective for the pruned generator in two steps. At first, we propose to partition

the learned manifold of the original model into local neighborhoods, each consisting of a

sample and its nearest neighbors on the manifold. We employ a self-supervised model fine-

tuned on the training dataset to approximately find such neighborhoods. Then, we propose

an adversarial pruning objective to enforce the pruned model to have a density structure

similar to the original model over each local neighborhood. Finally, we introduce a novel

GAN compression scheme in which we use two pruning agents - called genG and genD - that

determine the architectures of the generator G and discriminator D, respectively. genG and

genD play the adversarial game introduced in the previous step in a collaborative manner

to find the optimal structure of G and D. In each step, genG (genD) gets feedback from its

peer genD (genG) about the architecture of D (G) when determining the architecture of

G (D). By doing so, they can maintain the balance between the generator and discriminator

during pruning and stabilize the pruning process. We show our pruning scheme in Fig. 5.1.
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Figure 5.2: Our method to find local neighborhoods on the learned manifold of the original
generator. (Top Left): First, we obtain the original model’s predictions in the target domain for
training samples in the source domain. (Right and Down): We call the sample that we want
to find its local neighborhood on the manifold ‘Center’ sample (shown with Red solid frame). We
pass the predicted samples in the previous step to a pretrained self-supervised encoder [6] that
is fine-tuned on the target images in the training dataset. Then, we take the samples whose
representations have the highest cosine similarity with the representation of the ‘Center’ sample as
its approximate neighbors on the manifold. Neighbor samples and the approximate neighborhood
on the manifold are shown with blue crosses and a dashed line.

5.3.1 Notations

We denote an I2IGAN model’s source and target domains with X and Y , respec-

tively. We show the training dataset as D = {{(xi)}
N
i=1, {(yj)}

M
j=1} such that (x, y) ∼

P(x, y) where P is the underlying joint distribution over the source and target domains. N

and M can be equal for the paired datasets [213] or be unequal for unpaired models [214]. We

represent the generator and discriminator with G and D. Also, we denote pruning agents

determining the architectures of G and D during pruning with genG(·) and genD(·). The

goal of the generator is to learn the distribution of corresponding y ∈ Y in the target

domain conditioned on a sample x ∈ X from the source domain. We denote the learned
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manifold of the original generator in the domain Y with My.

5.3.2 Finding Local Neighborhoods on the Learned Data Manifold of the

Original Generator

As mentioned above, our idea is to guide the pruning process of a GAN model by

regularizing the pruned generator to have a similar density structure to the original model

over its learned manifold,My. To simplify this objective for the pruned model, we partition

My into local neighborhoods Nyi
containing a sample yi and its nearest neighbors on the

manifold My. The intuition is that separately modeling the density structure over each

neighborhood is easier than modeling all of them simultaneously, which resembles the

kernel density estimation method [237].

To find the local neighborhoods, on the one hand, we get inspirations from recent

works that observed that latent spaces of GAN models have semantically meaningful paths

and neighborhoods [249, 253, 254, 255, 256]. On the other hand, self-supervised pretrained

encoders [6, 257, 258, 259] have shown significant results in unsupervised clustering and

finding semantically similar samples without using labels on the manifold of their input

data. Accordingly, at first, we fine-tune an encoder pretrained by SwAV [6] on the samples

{(yj)}
M
j=1 in the training dataset. Then, we use the training dataset and pass the training

samples xi into the original generator to obtain its predicted samples D′
y = {y′

i}
N
i=1 on

My. Finally, we approximately model the neighborhood of y′
i over My by finding its k

nearest neighbor samples in D′
y using our fine-tuned encoder. Formally, given a fine-tuned

self-supervised encoder E, we find k nearest neighbors of y′
i in D′

y, denoted by Nyi,k, as
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follows: (Fig. 5.2)

E ′ = {e′
j}

N
j=1, e′

j = E(y′
j)

Simi = {Cosine(e′
i, e′

j)}Nj=1, j ̸=i

Cosine(e′
i, e′

j) = ||e
′T
i e′

j ||/(||e′
i||||e

′
j ||)

Ny′

i
,k = {y′

j |e
′
j ∈ Top-k(Simi)}

(5.1)

i.e., we take samples in D′
y that their encoded representations have the highest cosine

similarity with the one for y′
i as its neighbors on My. We use the cosine similarity metric

as it has been widely used in the nearest neighbor classifiers [260, 261] and self-supervised

learning [6].

5.3.3 Pruning

In this section, first, we elaborate on our pruning objective. Then, we introduce our

pruning agents.

Pruning Objective: We regularize the pruned generator to have a similar density struc-

ture to the original one over each local neighborhood of the learned manifold of the original

model (My). Formally, we approximately represent the neighborhood around each sample

y′
i with samples in Ny′

i
,k in Eq. 5.1. Then, we define our adversarial training objective to

regularize the pruned model to preserve the local density structure of the original model in

each neighborhood:

min
θG

max
θD

E(x,y′)∼P ′(x, y)[Ey′′∼Ny′
[fD(D(x, y′′; vD))]]+

Ex∼P(x)Eξ[fG(D(x, G(x, ξ; vG); vD))] + λ1R(vG)− λ2L(vD)

(5.2)
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P ′(y) is the marginal distribution of the original generator model on Y . G and D are the

pretrained generator and discriminator. θG and θD are parameters of genG and genD. vG and

vD are architecture vectors that determine the structures of G and D. They are functions

of θG and θD. fD and fG are GAN objectives that are least squares for CycleGAN [214] and

hinge loss for Pix2Pix [213]. ξ represents the randomness in the generator implemented

with Dropout [262] for Pix2Pix and Cycle GAN. R is the regularization term to enforce

the desired compression ratio on the generator, and L imposes sparsity on the architecture

of the discriminator. Penalizing unimportant components for discriminator is crucial to

maintain the capacity balance between G and D during pruning and keeping them close

to the Nash Equilibrium state, as pointed out by GCC [236]. Moreover, our objective

is similar to the Kernel Density Estimation (KDE) [237] method, which aims to model

the local density around each data point. Yet, in contrast with KDE, we use an implicit

objective to encourage the pruned model to have a similar density structure to the original

one in our method. In addition, in Obj. 5.2, the parameters of G and D are inherited from

the original pretrained models, and we do not train parameters of G/D along with θG/θD

to prevent instability. We note that our pruning objective does not require paired images

during pruning, even for GAN models such that use a paired dataset for training. The

reason is that our objective employs the samples generated by the original generator to

approximate its density structure over each local neighborhood. Thus, it can readily prune

both paired [213] and unpaired conditional GANs [214].

Pruning Agents: Inspired by GCC [236] that demonstrated that preserving the balance

between the capacity of G and D is crucial for pruning stability, we prune both G and D

during the pruning process. To do so, we introduce a novel GAN compression scheme in
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which we use two pruning agents, genG and genD, to predict 1) architecture vectors and

2) architecture embeddings for G and D. The former is a binary vector determining the

architecture of the corresponding model (G/D), and the latter is a compact representation

describing its state (architecture). To preserve the balance between the capacity of G and

D, we design our pruning scheme such that each pruning agent genG/genD considers the

architecture embedding of D/G when determining the architecture of G/D. We implement

pruning agents with a GRU [263] model and dense layers (more details in supplemen-

tary S5.2) and take the outputs of the GRU units of the pruning agents genG/genD as

their corresponding model’s (G/D) architecture embedding, summarizing the information

about its architecture.

In each step of the adversarial game, genG and genD exchange their architecture

embeddings. Then, each of them determines its corresponding model’s architecture while

knowing the other model’s structure (architecture embedding), making the pruning process

stable and efficient (Fig. 5.1). We denote the architecture vector determining the architec-

ture of G/D with vG/vD ∈ {0, 1}. As these vectors have discrete values, their gradients w.r.t

agents’ parameters cannot be calculated directly. Thus, we use Straight-through Estimator

(STE) [139] and Gumbel-Sigmoid reparametrization trick [91] to calculate the gradients.

The sub-network vector vG is calculated as:

vG = round(sigmoid(−(oG + g)/τ)),

oG, hG = genG(hD; θG)

(5.3)

where round(·) rounds input to its nearest integer, sigmoid(·) is the sigmoid function, τ is
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the temperature parameter to control the smoothness, and g ∈ Gumbel(0, 1) is a random

vector sampled from the Gumbel distribution [264]. hD is the architecture embedding for

D, which is the input for genG. oG and hG are the output of genG and its architecture

embedding for G. Similarly, vD is calculated as:

vD = round(sigmoid(−(oD + g)/τ)),

oD, hD = genD(hG; θD)

(5.4)

The calculation from o∗ to v∗ (∗ ∈ {G, D}) can be seen as using straight-through Gumbel-

Sigmoid [91] to approximate sampling from the Bernoulli distribution. We provide our

pruning algorithm and details of the calculation of o∗ and h∗ in the supplementary S5.2.2.

Predicted architecture vectors vG and vD determine the architectures of G and D. For

the generator G, we aim to reduce MACs to reach a given budget. To do so, we use the

following regularization objective:

R(vG) = log(max(T (vG), pTtotal)/pTtotal), (5.5)

where p is the predefined threshold for pruning, T (vG) is the MACs of the current sub-

network chosen by vG, and Ttotal is the total prunable MACs.

Different from G, it is not obvious how to set a specific computation budget for D,

as shown in GCC [236]. Instead of using a predefined threshold, we encourage genD to

automatically identify the sub-network that can keep the Nash Equilibrium given the vG.

Inspired by the functional modularity [265], we add a penalty to vD to discover the suitable
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sub-module (sub-network) to keep the Nash Equilibrium:

L(vD) =
∑

vD/|vD|, (5.6)

where |vD| is the number of elements in vD. The goal of Eq. 5.6 is to penalize unimportant

elements in vD, so the remaining elements can maintain Nash Equilibrium given vG.

Finetuning: After the pruning stage, we employ the trained genG/genD from the pruning

process to prune G/D according to their predictions, vG/vD. Then, we finetune G and D

together with the original objectives of their GAN methods [213, 214]. Similar to GCC [236],

we also apply knowledge distillation (KD) for finetuning, but we show in our ablation

experiments that our model can achieve high performance even without KD.

5.4 Experiments

We perform our experiments with Pix2Pix and Cycle-GAN models. For all exper-

iments, we set λ1 = 3.0, λ2 = 0.1, and the number of neighbor samples k = 5 during

pruning. We also find that our model is not very sensitive to the choice of λ1 and λ2.

(more details in ablation experiments) We set the number of pruning epochs to 10% of the

original model’s training epochs. We refer to supplementary S5.3 for more details of our

experimental setup.

5.4.1 Results

Comparison with State of the Art Methods: We summarize the quantitative re-

sults of our method and baselines in Tab. 5.1. As can be seen, our method, MGGC
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Table 5.1: Quantitative comparison of our proposed method with state-of-the-art GAN
compression methods.

Model Dataset Method MACs Compression Ratio
Metric

FID (↓) mIoU (↑)

Pix2Pix

Cityscapes

Original [213] 18.60 G - - 42.71
GAN Compression [224] 5.66 G 69.57% - 40.77

CF-GAN [241] 5.62 G 69.78% - 42.24
CAT [225] 5.57 G 70.05% - 42.53

DMAD [227] 3.96 G 78.71% - 40.53
WKD [234] 3.88 G 79.13% - 42.93
RAKD [235] 3.88 G 79.13% - 42.81

Norm Pruning [44] 3.09 G 83.39% - 38.12
GCC [236] 3.09 G 83.39% - 42.88

MGGC (Ours) 3.05 G 83.60% - 44.63

Edges2Shoes

Original [213] 18.60 G - 34.31 -
Pix2Pix 0.5× [213] 4.65 G 75.00% 52.02 -

CIL [266] 4.57 G 75.43% 44.40 -
DMAD [227] 2.99 G 83.92% 46.95 -
WKD [234] 1.56 G 91.61% 80.13 -
RAKD [235] 1.56 G 91.61% 77.69 -

MGGC (Ours) 2.94 G 84.19% 42.02 -

CycleGAN

Horse2Zebra

Original [214] 56.80 G - 61.53 -
Co-Evolution [239] 13.40 G 76.41% 96.15 -

GAN Slimming [229] 11.25 G 80.19% 86.09 -
AutoGAN-Distiller [232] 6.39 G 88.75% 83.60 -

WKD [234] 3.35 G 94.10% 77.04 -
RAKD [235] 3.35 G 94.10% 71.21 -

GAN Compression [224] 2.67 G 95.30% 64.95 -
CF-GAN [241] 2.65 G 95.33% 62.31 -

CAT [225] 2.55 G 95.51% 60.18 -
DMAD [227] 2.41 G 95.76% 62.96 -

Norm Prune [44] 2.40 G 95.77% 145.1 -
GCC [236] 2.40 G 95.77% 59.31 -

MGGC (Ours) 2.50 G 95.60% 55.06 -

Summer2Winter

Original [214] 56.80 G - 79.12 -
Co-Evolution [239] 11.06 G 80.53% 78.58 -

AutoGAN-Distiller [232] 4.34 G 92.36% 78.33 -
DMAD [227] 3.18 G 94.40% 78.24 -

MGGC (Ours) 1.69 G 97.02% 77.33 -
MGGC (Ours) 2.97 G 94.77% 75.85 -

(Manifold Guided GAN Compression), can achieve the best performance vs. computation

rate trade-off compared to baselines in all experiments. For Pix2Pix on Cityscapes, MGGC

reduces MACs by 83.60%, achieving the highest MACs compression rate, and improves

mIoU by 1.92 compared to the original model, significantly outperforming baselines. On

Edges2Shoes, MGGC prunes 0.27% more MACs than DMAD [227] while outperforming it
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with a large margin of 4.93 FID. Although WKD [234] and RAKD [235] achieve higher com-

pression ratio, their final model has significantly worse FID. For CycleGAN on Horse2Zebra,

MGGC shows a pruning ratio very close (95.60% vs. 95.77%) to GCC [236] and accom-

plishes 55.06 FID, significantly outperforming GCC by 4.25 FID. On Summer2Winter,

MGGC attains 94.77% MACs compression rate, slightly more than DMAD with 94.40%,

and shows 2.39 less FID. Remarkably, it can outperform other baselines even with an ex-

treme MACs compression rate of 97.02%, and yet, reaching 77.33 FID. In summary, our

results demonstrate the effectiveness of our method that explicitly focuses on the differences

between the density structure of the pruned model and the original one over its learned

manifold during pruning.

Input
Ground 

Truth
Original

MGGC 

(Ours)
Input Original

MGGC

(Ours)

Figure 5.3: Qualitative results for 1) Pix2Pix: Cityscapes (top left), Edges2Shoes (bottom left),
and 2) CycleGAN: Horse2Zebra (top right) and Summer2Winter (bottom right).
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Qualitative Results: We visualize predictions of our pruned models and the original

ones in Fig. 5.3. As can be seen, our pruned model can preserve the fidelity of images

with a much lower computational burden. Also, its superior performance compared to

baselines is observable in the samples for Cityscapes (better preserving street structure)

and Horse2Zebra (more faithful background color).
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(a) λ1 = 4.0
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(b) λ1 = 3.0
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(c) λ1 = 2.0
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(d) λ1 = 4.0
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(e) λ1 = 3.0
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(f) λ1 = 2.0

Figure 5.4: Different losses given different λ1 during the pruning process. (a)-(c) Loss values for
CycleGAN on Horse2Zebra dataset. (d)-(f) Loss values for Pix2Pix on Cityscapes dataset. We
normalize R to the range [0, 1] for better visualization.

5.4.2 Stability of Our Pruning Method

We explore our method’s stability by visualizing different loss values and the resource

loss R during pruning. Loss values for CycleGAN on Horse2Zebra are shown in Fig. 5.4

(a)-(c), and the ones for Pix2Pix on Cityscapes are presented in Fig. 5.4 (d)-(f). We found

in our experiments that λ2 has less impact on pruning dynamics than λ1, which is expected

as the generator’s capacity is more crucial to GANs’ performance than the discriminator’s
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capacity. Thus, we alter λ1 to explore how it impacts the pruning process. We can observe

that if λ1 be large enough (Fig. 5.4 (a)-(e)), the loss values for G and D will get stable

and remain close to each other when R converges to zero. Further, the difference between

loss values for G and D in Fig. 5.4 (d)-(f) for our model is much smaller than the same

value for GCC (shown in GCC [236] Fig. 5(a)), which demonstrates that our method

can preserve the balance between G and D more effectively than GCC during pruning. In

summary, visualizations in Fig. 5.4 show that our method can successfully preserve the

balance between G, D after achieving the desired computation budget, leading to attain

competitive final performance metrics.

5.4.3 Ablation Study

We present ablation results of our method with different settings in Tab. 5.2. We

construct a Baseline by only pruning the generator G with a naive parameterization

vG = round(sigmoid(−(θ +g)/τ)) (Eq. 5.3) when using the full capacity discriminator. The

results demonstrate that using pruning agents, pruning the discriminator, and establish-

ing a feedback connection between genG and genD provide substantial performance gain

compared to the baseline on Pix2Pix and CycleGAN models. This observation suggests

that sophisticated designs of pruning agents are beneficial for pruning conditional GAN

models. Further, considering local density structures over neighborhoods of the learned

manifold (k > 0) boosts the performance of our method significantly than not leveraging

them (k = 0). Remarkably, our method can almost recover the original model’s performance

for Pix2Pix (42.53 vs. 42.71) and even outperform it for CycleGAN (58.64 vs. 61.53) with-
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Table 5.2: Ablation results of our proposed method.

Settings
Pix2Pix - Cityscapes Cycle GAN - Horse2Zebra
mIoU (↑) MACs FID (↓) MACs

Baseline 39.37

3.05 G

73.28

2.50 G

+ D pruning 39.84 70.41
+ Pruning Agents 40.68 67.60
+ G↔D Feedback 40.99 66.72

+ Manifold Pruning 42.53 58.64
+ Knowledge Distillation 44.63 55.06

Original 42.71 18.60 G 61.53 56.80 G

out using Knowledge Distillation (KD) in the finetuning process. These results show that

the density structure over the learned manifold contains valuable information for pruning

GAN models. Utilizing KD can further improve our model. Compared to GCC [236], we

do not use online distillation for KD. Also, we do not learn the discriminator’s architecture

during finetuning, which saves computational costs.

5.4.4 Visualization of Local Neighborhoods

We explore the difference between the learned neighborhoods of our model vs. the

original one in Fig. 5.5. Samples with red frames are the predictions, and their neighbors on

the right are obtained with the method in Eq. 5.1. In each column, green frames show the

samples having the same source domain (‘Edge’) image, and the blue ones mean different

source domain inputs. As can be seen, most of the neighbor samples of our pruned model

are identical to those for the pruned model. In addition, the samples with different source

images still have a semantically meaningful connection to the predicted image. These results

demonstrate that our pruning objective, Eq. 5.2, can effectively regularize the pruned model

to have a similar density structure over the neighborhoods of the original model’s manifold.
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Figure 5.5: Visualization of approximate neighborhoods on the learned manifold of our pruned
model vs. the original model.

5.5 Chapter Summary and Conclusion

We introduced a new compression method for image translation GANs that explic-

itly regularizes the pruned model to have a similar density structure to the original one

on the original model’s learned data manifold. We simplify this objective for the pruned

model by leveraging a pretrained self-supervised encoder fine-tuned on the target dataset to

find approximate local neighborhoods on the manifold. Then, we proposed our adversarial

pruning objective that motivates the pruned generator to have a similar density structure

to the original model over each local neighborhood. In addition, we proposed a novel prun-

ing scheme that uses two pruning agents to determine the architectures of the generator

and discriminator. They collaboratively play our adversarial pruning game such that in

each step, each pruning agent takes the architecture embedding of its colleague as its input

and determines its corresponding model’s architecture. By doing so, our agents can effec-
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tively maintain the balance between the generator and discriminator, thereby stabilizing

the pruning process. Our experimental results clearly illustrate the added value of using

the learned density structure of a GAN model for pruning it compared to the baselines

that directly combine CNN classifiers’ compression techniques.
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Supplementary Materials for Chapter 5

S5.1 Details of Our Experiments

We mainly follow the experimental settings of the previous works in the litera-

ture [224, 227, 236]. We perform our experiments on the prominent image-to-image trans-

lation methods, Pix2Pix [213] and CycleGAN [214]. The generator model has a U-Net [93]

style architecture for the Pix2Pix experiments [213, 236] and a ResNet [39] style for Cy-

cleGAN experiments [214, 224, 236]. For Pix2Pix experiments, we evaluate our model on

the Edges2Shoes [267] and Cityscapes [268] datasets. For CycleGAN experiments, we use

Horse2Zebra [214] and Summer2Winter [214] datasets. We follow the evaluation metrics

in the literature [224, 227, 236] to evaluate our model, i.e., we use mean Intersection over

Union (mIoU) for the experiment for Pix2Pix on Cityscapes. We use Fréchet Inception

Distance (FID) [269] as our evaluation metric for other experiments. Higher mIoU and

Lower FID values mean superior generative capability. For all datasets, we set λ1 = 3.0,

λ2 = 0.1, and the number of neighbor samples k = 5 during pruning. We also found that

the setting k ∈ {3, 4, 5} results in close final performance. Thus, we set k = 5 in all exper-

iments. We implemented our experiments with PyTorch and ran them on a server with 2

NVIDIA P40 GPUs.

S5.2 Our Pruning Agents

We provide implementation details of our proposed pruning agents in this section.
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S5.2.1 Architectural Design

We use a Gated Recurrent Unit (GRU) [263] and dense layers to implement our

pruning agents. The detailed architecture is shown in Tab. 5.3. The inputs xl
∗

are randomly

generated, and they are fixed after initialization during training and inference.

Table 5.3: The architecture of gen∗ (∗ ∈ {G, D}) used in our method.

Inputs xl
∗
, l = 1, · · · , L∗

GRU(128, 256), WeightNorm, ReLU
Densel(256, C l

∗
), WeightNorm, l = 1, · · · , L∗

Outputs ol
∗
, l = 1, · · · , L∗; hL∗

∗

S5.2.2 Architecture Vectors and Architecture Embeddings

We calculate architecture vectors v∗ and architecture embedding h∗ (∗ ∈ {G, D}) for

our pruning agents as follows:

yl
∗
, hl

∗
= GRU(xl

∗
, hl−1

∗
),

ol
∗

= Densel(y
l
∗
),

l = 1, · · · , L∗ ∗ ∈ {G, D},

(5.7)

Take the discriminator D as an example, we use let the last layer hidden outputs hLD

D

as the corresponding architecture embedding hD. We let the initial hidden state h0
D = hG.

We concatenate all ol
∗

to get the final oD = [o1
D, · · · , oLD

D ] used in Eq. 5.4. Similar procedures

are applied for the generator G in Eq. 5.3.
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Algorithm 3 Our Proposed Pruning Scheme
Input: A pruning dataset of source domain images, their corresponding predictions in the target

domain (by the original generator), and the set of neighbors for the predicted images on
the original model’s learned manifold (Section 3.3) Dp = {(xi), (y′

i,Ny′

i
,k)}Ni=1; Pruning

agents genG(θG) and genD(θD); original generator and discriminator G and D; Number
of iterations T

Output: Pruning agents genG(θG) and genD(θD).
Initialization: Freeze the pretrained weights of G and D and disable gradient calculation for
them.

for t := 1 to T do

1. Sample a pruning pair d = {(xi, (y′

i,Ny′

i
,k))}

/* ****** Forward Pass of the Adversarial Game ***** */

2. hD ← genD; // hD gets architecture embedding of genD for D.

3. oG, hG ← genG(hD.detach(); θG)
4. vG ← Gumbel-Sigmoid(oG)
5. Determine the architecture of G using vG.
6. yfake ← G(xi; vG)
/* ***************** Updating genD ***************** */

7. hG ← genG

8. oD, hD ← genD(hG.detach(); θD); // Do not backprop gradients for genG when

updating genD.

9. vD ← Gumbel-Sigmoid(oD)
10. Determine the architecture of D using vD.
11. p

fake
D ← D(xi, yfake.detach(); vD), preal

D ← [D(xi, y′

j ; vD) for y′

j in Ny′

i
,k]

12. Calculate Objective 5.2 using p
fake
D and preal

D and backpropagate the loss gradients for the
parameters of genD(θD) using STE [139].

13. Update θD using Adam optimizer.
/* ***************** Updating genG ***************** */

14. hD ← genD; // hD gets architecture embedding of genD for D.

15. oG, hG ← genG(hD.detach(); θG); // Do not backprop gradients for genD when

updating genG.

16. vG ← Gumbel-Sigmoid(oG)
17. Determine the architecture of G using vG.
18. p

fake
G ← D(xi, yfake; vD)

19. Calculate objective 5.2 using p
fake
G and backpropagate the loss gradients for the parameters

of genG(θG) using STE [139].
20. Update θG using Adam optimizer.

end

return genG(·), genD(·).
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S5.3 Experimental Details

As mentioned before, we mainly follow the setup of the previous works [224, 227, 234,

236] in our experiments. We elaborate on our hyperparameter setting for original models’

training, pruning, and fine-tuning of them in the following.

S5.3.1 Original Models’ Training

We use the original repository1 for Pix2Pix [213] and CycleGAN [214] to train the

original models. We use Adam optimizer [102] with parameters (β1, β2) = (0.5, 0.999) to

train the generator and discriminator for all models. The hyperparameter settings for each

experiments is summarized in Tab. 5.4. Similar to the original training schemes [213, 214],

we use constant learning rate for half of the training and linearly decay it to zero in the

rest of it except for Pix2Pix on Edges2Shoes. We also utilize Batch Normalization [146]

and Instance Normalization [270] in our experiments for the architectures of Pix2Pix and

CycleGAN respectively.

Table 5.4: Hyperparameter settings for training original models.

Model Dataset GAN Loss Batch Size
Training Epochs Optimization Params

Normalization
Constant LR Decay LR Weight Decay

Pix2Pix Cityscapes hinge 1 100 100 0.0002 0 Batch
Pix2Pix Edges2Shoes hinge 4 5 25 0.0002 0 Batch

CycleGAN Horse2Zebra Least Squares 1 100 100 0.0002 0 Instance
CycleGAN Summer2Winter Least Squares 1 100 100 0.0002 0 Instance

1https://github.com/junyanz/pytorch-CycleGAN-and-pix2pix
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S5.3.2 Pruning

We prune the original pretrained GAN models using our proposed Obj. 5.2 and two

pruning agents with the architectures described in section S5.2. We set λ1 = 3.0, λ2 =

0.1, and the number of neighbor samples k = 5 during pruning for all the datasets. We

also use Adam [102] with parameters (β1, β2) = (0.9, 0.999) for pruning. Other pruning

hyperparameters are summarized in Tab. 5.5. For the self-supervised SwAV [6] model,

we take the provided checkpoint for ResNet-50, trained on ImageNet for 800 epochs, in

their original2 repository. Then, we fine-tuned the models with batch size of 256 for 10

epochs. We set the number of clusters to 100 for Cityscapes, 200 for Edges2Shoes, and 50

for Horse2Zebra as well as Summer2Winter. We set the other parameters the same as the

default ones used in the SwAV [6] training from scratch. We provide our pruning algorithm

in alg. 3.

Table 5.5: Hyperparameter settings for pruning agents.

Model Dataset
Manifold

Loss
Batch Size Pruning Epochs

Optimization Params
LR Weight Decay

Pix2Pix Cityscapes hinge 1 20 0.001 0.0001
Pix2Pix Edges2Shoes hinge 4 3 0.001 0.0001

CycleGAN Horse2Zebra Least Squares 1 20 0.001 0.0001
CycleGAN Summer2Winter Least Squares 1 20 0.001 0.0001

S5.3.3 Fine-tuning

After pruning stage, we employ the trained pruning agents to determine the optimal

sub-structure of the generator and discriminator. Then, we use the original loss functions

for Pix2Pix [213] and CycleGAN [214] to fine-tune the models with Adam optimizer [102].

2https://github.com/facebookresearch/swav
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Thus, most of the hyperparameters are similar to section S5.3.1 except a few changes. We

use knowledge distillation [45, 236] between the original generator and the pruned one.

However, as mentioned in Sec. 5.4.3, we do not use online distillation in our model, which

saves computational costs. We use the Perceptual loss [271] for distillation that consists of

two components: 1) Content loss that is the squared norm of the difference between two

feature maps of the original and pruned models. 2) Texture loss that is the Frobenius norm

of the difference between their Gram matrices. These two losses are applied on the same

layers as GCC [236]. We represent their coefficients in our loss function with λcontent and

λtexture respectively. Tab. 5.6 shows our hyperparameter setting for fine-tuning the models

in each experiment.

Table 5.6: Hyperparameter settings for Fine-tuning.

Model Dataset
GAN
Loss

Batch Size
Fine-tuning

Epochs
Optimization Params

λcontent λtextureLR Weight Decay
Pix2Pix Cityscapes hinge 1 50 0.0002 0 50 10000
Pix2Pix Edges2Shoes hinge 4 50 0.0002 0 50 10000

CycleGAN Horse2Zebra Least Squares 1 50 0.0002 0 0.01 0
CycleGAN Summer2Winter Least Squares 1 50 0.0002 0 0.01 0
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Chapter 6: Mixture of Efficient Diffusion Experts Through Automatic In-

terval and Sub-Network Selection

6.1 Introduction

Diffusion Probabilistic Models (DPMs) [11, 272, 273] have become the de facto models

for generative modeling applications like image synthesis [11, 274], image editing [275, 276],

super-resolution [277, 278], and video generation [279]. They train a denoising model that

learns to generate samples from an input noise in an iterative denoising scheme. DPMs

have achieved better mode coverage and training stability [274] than GANs [280] and show

higher sample quality than VAEs [281]. Yet, the main drawback of DPMs is their slow and

computationally intensive sampling process, making their cloud deployment costly and

hindering usage on resource-constrained edge devices.

Two important factors contribute to slow sampling in DPMs: the models use 1) a

large number of denoising steps and 2) a large number of parameters in each denoising

step. Methods to speed up DPMs have primarily focused on reducing the sampling steps,

using techniques like faster solvers [282, 283, 284, 285], better noise schedules [286, 287],

and distillation [288, 289, 290]. In an orthogonal direction, a group of methods address the

second factor and develop more efficient architectures for DPMs. Latent Diffusion Mod-
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Figure 6.1: Overview of DiffPruning. We prune a pre-trained LDM model [1] (top)
into a mixture of efficient experts (bottom). Each expert handles an interval, which allows
their architectures to be separately specialized by removing layers or channels.

els (LDMs) [1] perform the diffusion process in a latent space with lower dimensions than

pixel space, thereby significantly speeding up the sampling process while retaining a com-

petitive performance. Accordingly, LDMs have been deployed in modern generative models

like DALL-E 3 [17] and Stable Diffusion [1]. Thus, compressing LDMs is of significant in-

terest. As LDMs do not have redundancies of the pixel-space DPMs by design, pruning

them is much more challenging than pruning pixel-space DPMs.

Recently, several works [10, 291, 292] have explored architectural efficiency for LDMs.

They divide the denoising path of an LDM into several intervals and use a distinct model

for each one. These methods [10, 291, 292] are mainly inspired by studies [7, 293] showing

different timesteps have distinct roles in the denoising process, and employing a single de-

noising model for all timesteps is sub-optimal [7, 294]. Thus, the key design choices here are

the clustering scheme of the denoising timesteps and the method for allocating the resource

budget between the selected clusters. MEME [291] uses uniform clustering, and TMDA [292]

clusters the denoising timesteps by their loss values’ similarities. Both MEME [291] and
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Figure 6.2: Our Pruning Scheme: We train our Expert Routing Agent (ERA) to prune
the experts into a mixture of efficient experts (Sec. S6.2.3). The ERA predicts the archi-
tecture vectors (v, u) to prune experts’ width and depth. Then, we calculate the denoising
objectives of selected sub-networks of experts, LDDPM,Ii

, as well as our Resource regular-
ization term, R, that encourages the ERA to provide a mixture of efficient experts with
a desired compute budget (MACs). We train ERA’s parameters to minimize the objective
functions. Thus, it learns to automatically allocate the compute budget (MACs) between
experts in an end-to-end manner.

TDMA [292] manually design a distinct U-Net model [295] for each cluster, thereby heuris-

tically allocating the resource budget between the denoising intervals. However, by doing

so, these methods need to re-design intervals’ models for a new distinct budget, which is

a complex, time-consuming, and labor-intensive task. OMS-DPM [10] avoids manual de-

signing intervals’ models as it trains a model zoo with different sizes and searches for an

optimal mixture of denoising models, given a desired computational budget. Still, training

a model zoo of various LDMs is extremely costly, even for medium-sized datasets, making

OMS-DPM expensive to deploy in practice.

In this chapter, we propose a novel approach to make LDMs more efficient by pruning

a large pretrained LDM into a mixture of efficient experts (Fig. 6.1) in four steps. First,

we find an optimal division of time intervals by studying how aligned pairs of denoising
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steps are to each other in a pretrained LDM. Interestingly, while different datasets all show

natural clustering, the exact time intervals differ slightly between them. Thus, we adapt

our clustering depending on the behavior of the dataset rather than using a static approach

across datasets as in previous work [291]. Second, we fine-tune the pretrained model with

elastic depth and width on each interval so that the sub-networks of the resulting model have

a strong performance on that interval. We denote the elastically fine-tuned models as experts

for the intervals. Our elastic fine-tuning provides an ‘implicit’ model zoo within each expert

for its corresponding interval with fewer training iterations than training multiple models

from scratch like OMS-DPM [10]. Third, we develop an Expert Routing Agent (ERA) that

learns to select proper network configurations for the experts simultaneously, guided by the

sub-networks’ denoising objectives and allocated compute resource (e.g., MACs). As we

train our ERA in an end-to-end manner, it can automatically allocate computing resources

between the experts without the need for complex heuristics [291, 292]. We summarize our

contributions as follows:

• We introduce a method for pruning LDMs into a mixture of efficient experts.

• We propose to cluster denoising timesteps of a pretrained LDM into several intervals

based on their pairwise alignment scores, showing that the optimal clustering intervals

are distinct for different datasets. We employ a specialized efficient model for each

interval.

• We fine-tune the pretrained LDM on selected intervals with elastic dimensions so

that resulting expert models will have strong sub-networks to choose from. Thus, we

can readily prune the experts for different computational budgets, and the pruned
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experts can properly recover their performance without long fine-tuning iterations.

• We develop a new pruning scheme in which our expert routing agent learns to select

optimal layouts of the experts together in an end-to-end manner, thereby allocating

the compute budget between experts automatically.

The contents of this chapter are based on our work [296] published in ECCV 2024.

6.2 Related Work

Mixture of Experts (MoE) Diffusion Models: MoE methods cluster denoising

time-steps of DPMs into intervals and train a separate expert model for each. eDiff-I [7]

supports developing MoE for DPMs by showing that different denoising time-steps have

distinct roles. Yet, how to cluster time-steps is non-trivial. eDiff-I employs a complex tree-

based-branching scheme to divide the denoising path into two intervals sequentially and

initializes a child model by its parent. ERNIE-ViLG [8] and MEME [291] uniformly cluster

the denoising time-steps. Yet, these heuristic schemes do not necessarily transfer to other

tasks. Different from these methods, we propose to cluster the denoising time-steps by

measuring the alignment between their training objectives. We emphasize that although a

recent work [294] has explored the time-steps’ alignment scores in the course of training,

our work is the first one to leverage them to cluster the time-steps for MoE DPMs.

Efficient DPMs. The majority of ideas for improving DPMs’ efficiency reduce their de-

noising steps by faster samplers [285, 297, 298], distillation [288, 289, 290], better noise

schedules [283, 286, 287, 299, 300, 301], learning denoising timesteps to use [302, 303],

and caching [304]. We explore an orthogonal direction, compressing the architecture of
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DPMs. LSGM [305] and LDM [1] perform the diffusion process in a lower dimensional

latent space of an encoder-decoder pair [301, 306], thereby enjoying significantly faster

sampling than pixel-space DPMs.

A few ideas have recently addressed compressing DPMs’ architectures having two

main categories. Single-model methods develop a single efficient model for all denoising

timesteps. Structural Pruning (SP) [9] approximates weights’ importance using the Taylor

expansion and removes structures with low scores. Yet, SP’s performance has been mainly

verified on pixel space DPMs, and its pruned models on datasets like LSUN-Church [307]

still have more than 6× MACs than the full-size LDM [1]. MobileDiffusion [308] intro-

duces heuristics to enhance DPMs’ efficiency and develops two efficient architectures. Nev-

ertheless, it is highly non-trivial how to generalize the heuristics for different compute

budgets. Spectral Diffusion (SD) [293] introduces a wavelet gating operator and performs

frequency domain distillation from a teacher model into a small LDM. However, the main

weakness of single-model methods is that they use the same model for all denoising steps,

which is shown to be sub-optimal [7, 294]. Mixture of expert methods employ a separate

model for different stages of the denoising process. OMS-DPM [10] trains a model zoo with

various sizes and searches for a proper model schedule given a desired compute budget. Yet,

gathering a model zoo is very costly on large-scale datasets, making OMS-DPM imprac-

tical for them. T-Stich [309] stitches several models with different sizes, each performing

a part of the denoising process. But, similar to OMS-DPM [10], it requires several pre-

trained models of various sizes, making it costly for practical scenarios. MEME [291] and

TMDA [292] cluster denoising timesteps and design a distinct expert for each. However,

they need to manually allocate the compute budget between experts and re-design the ex-
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perts for a new budget, which makes them cumbersome in practice. We propose to prune

an LDM into a mixture of efficient experts. We cluster denoising timesteps into intervals

using their alignment scores. Then, we fine-tune the pre-trained model with elastic dimen-

sions on each interval to obtain our experts. Thus, our method gathers an implicit model

zoo within each expert with much lower training iterations than OMS-DPM. Finally, we

prune all experts simultaneously using our expert routing agent to obtain our mixture of

efficient experts. By doing so, in contrast with MEME [291] and TMDA [292], our method

automatically allocates the compute resource (e.g., MACs) between experts.

Model pruning and architecture search. Our work is also related to model prun-

ing [169, 238, 310, 311, 312, 313, 314] and Neural Architecture Search (NAS) [119, 315,

316, 317, 318, 319] methods that prune the pretrained models and design novel architec-

tures given a set of computational constraints. These ideas mainly focus on developing new

architectures for image classification tasks, while we aim to design a novel pruning method

for latent diffusion models [1]. We refer to recent surveys [320, 321, 322] for a detailed

reviewing of pruning and NAS methods.

6.3 Method

We introduce a framework to prune an LDM [1] model into a mixture of efficient

experts in four steps. First, we cluster denoising timesteps of the model into several intervals

based on their objectives’ alignment scores. Second, we fine-tune the pre-trained model

on the selected intervals with elastic dimensions to obtain our interval experts. Third,

we prune the experts together using our expert routing agent in an end-to-end manner
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Figure 6.3: Our Interval Selection Scheme: We calculate gradients of denoising
timesteps’ objectives w.r.t the pre-trained LDM’s parameters and take the cosine simi-
larity value of two timesteps’ gradients as their alignment score. The dashed lines show our
selected cluster intervals for the experts. One can observe the optimal cluster assignments
are different for distinct datasets, and employing a deterministic clustering strategy [7] like
uniform clustering [8] for all datasets is sub-optimal.

(Fig. 6.2). Finally, we fine-tune the pruned experts to obtain our mixture of efficient experts.

6.3.1 Background

Given a random variable x0 ∼ P, the goal of DPMs [11, 272] is to model the under-

lying distribution P using a training set D = {x0} of samples. To do so, first, DPMs define

a forward process parameterized by t in which they gradually perturb each sample x0 with

Gaussian noise with the variance schedule of βt:

q(xt|xt−1) = N (xt;
√

1 − βtxt−1, βtI) (6.1)

where t ∈ [1, T ]. Thus, q(xt|x0) has a Gaussian form:

q(xt|x0) = N (xt;
√

ᾱtx0, (1 − ᾱt)I) (6.2)

where αt = 1 − βt and ᾱt =
∏t

i=1 αi. The noise schedule βt is usually selected [11] such

that q(xT ) → N (0, I). Assuming βt is small, DPMs approximate the denoising distribu-
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tion q(xt−1|xt) by a parameterized Gaussian distribution pθ(xt−1|xt) = N (xt−1; 1√
αt

(xt −

βt√
1−ᾱt

ϵθ(xt, t)), σ2
t I), and σ2

t is often set to βt. DPMs implement ϵθ(.) with a neural network

called the denoising model and train it with the variational evidence lower bound (ELBO)

objective [11]:

LDDPM = Et∼[1,T ]Lt

= Et∼[1,T ],ϵ∼N (0,I),xt∼q(xt|x0)||ϵθ(xt, t) − ϵ||2
(6.3)

DPMs generate a new sample by sampling an initial noise from xT ∼ p(xT ) = N (0, I) and

iteratively denoising it using the denoising model by sampling from pθ(xt−1|xt). Thus, the

sampling process requires T sequential forward passes to the large denoising model, making

it a slow and costly process.

6.3.2 Notations

Fig. 6.4 shows the U-Net [295] architecture used in LDM [1] models. The encoder

and decoder branches have several stages (each row in Fig. 6.4). Each stage has one or

several layers. We represent the layers’ functions and feature maps with fl(.) and Fl, re-

spectively, where l ∈ [1, L], and L is the total number of layers. Each layer consists of one

or several blocks. For instance, the green-colored layers in Fig. 6.4 are in the third stage of

its encoder and decoder and consist of a Residual block [323] and an Attention block [324].
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Figure 6.4: U-Net architecture of the LDM [1]. We randomly drop/preserve each colored
layer in our elastic depth fine-tuning.

6.3.3 Clustering Denoising Timesteps into Intervals

We propose to cluster denoising timesteps T = [1, T ] of an LDM into N intervals

{I1, I2, · · · , IN} such that T = I1 ∪ I2 ∪ · · · ∪ IN . The intuition is that different intervals

have separate roles [7]. For example, it has been empirically shown [325] that an LDM first

generates the layout of an image in high-noise timesteps and then fills in the details in

low-noise ones. Thus, using the same denoising model for all timesteps is sub-optimal. We

employ alignment scores of training objectives Lt (Eq. 6.3) for denoising timesteps of a

pre-trained LDM to cluster them. We estimate the gradient of each Lt w.r.t the denoising

model’s parameters (θ) using a random batch of samples in the training data and take the

cosine similarity between the gradients of Lt and Ls as the alignment score of timesteps t

and s.

We visualize pairwise alignment scores of denoising time-steps for pre-trained LDMs [1]

of different datasets in Fig. 6.3. We select two distinct clusters (N = 2) for all datasets
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(shown by dashed lines in Fig. 6.3) in our experiments. We choose the cut-off point be-

tween the clusters to be the one that maximizes the weighted mean of the average scores

of the clusters, and we refer to the supplementary S6.2.1 for the formulation. We do

not use more than two experts in our experiments for computational efficiency. How-

ever, our formulation can find cut-off points for more than two clusters, as we elabo-

rate in the supplementary S6.2.1. One can observe that intra-cluster alignment scores are

high, and inter-cluster scores are small and even negative for LSUN-Bedroom [307], Ima-

geNet [326], and FFHQ [327]. Accordingly, further training the denoising model on one

of the clusters degrades its performance on the other. This observation supports our de-

cision to employ a specialized model for each interval, that using a single model for all

intervals is sub-optimal. Further, the optimal cluster assignment is different for distinct

datasets. Thus, our clustering method is more robust than deterministic ones [7, 8]. In

summary, we select clusters (I1, I2) to be ([0, 700], [701, 1000]) for LSUN-Church as well as

LSUN-Bedroom, ([0, 400], [401, 1000]) for FFHQ, and ([0, 625], [626, 1000]) for ImageNet.

6.3.4 Fine-tuning with Elastic Dimensions

We fine-tune the pre-trained LDM with elastic dimensions (depth and width) on

each denoising interval Ii (i ∈ [1, N ]) after clustering the denoising timesteps. We call

the resulting models experts and denote them with Ei, corresponding to Ii. Our main

inspiration is that by doing so, each sub-network of an expert Ei has a decent performance

on the denoising interval Ii, which brings in several key benefits: First, the loss value of

each sub-network of Ei will be a proper proxy for its actual performance after fine-tuning on
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Ii. Second, the pruned experts will be able to recover their performance promptly during

fine-tuning without requiring long fine-tuning iterations. Finally, our elastic fine-tuning

provides a model zoo within the expert Ei for the denoising interval Ii without extreme

computational and memory expensive training of several architectures from scratch like

in OMS-DPM [10]. We first fine-tune the pre-trained model with elastic depth on each

interval. Then, we fine-tune the resulting model with elastic width. We do not perform

elastic depth and width training together to prevent instabilities.

Fine-tuning with elastic depth. We randomly drop the last layer in each stage of the

U-Net’s encoder and decoder (colored blocks in Fig. 6.4) for our elastic depth training. For-

mally, for each training batch, we randomly select to map the last depth layers f
(i)
j in stages

of the expert Ei independently with a probability p to the identity function:

f̂
(i)
j = f

(i)
j 1{s

(i)
j

=0} + I1{s
(i)
j

=1}, s
(i)
j ∼ Bernoulli(p) (6.4)

We train selected sub-network’s parameters with the interval denoising objective:

LDDPM,Ii
= Et∼Ii

Lt (6.5)

where Lt has the same formulation as Eq. 6.3.

Fine-tuning with elastic width. After fine-tuning the pre-trained model on each inter-

val Ii with elastic depth, we fine-tune the resulting experts with elastic width. For each

ResBlock in the U-Net, we sort the channels of its convolution layers based on an esti-

mate of their importance (determined by their L1 norm [328, 329]). Then, for each training

batch, we randomly remove some ratio of the least important channels of each convolution
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layer. Similarly, for the attention layers [324], we sort the attention heads based on the L1

norm of their projection weights, and we randomly drop some of the least important heads

during our elastic width fine-tuning. Finally, we update the selected sub-network’s weights

using LDDPM,Ii
(Eq. 6.5). We refer to supplementary S6.2.2 for more details.

6.3.5 Expert Routing Agent

We develop our Expert Routing Agent (ERA) to prune the elastically fine-tuned

experts Ei (i ∈ [1, N ]) into a mixture of efficient experts. We denote our ERA as a function

hERA(.; β) parameterized by β, predicting architecture vectors (u, v):

u, v = hERA(z; β) (6.6)

z is a constant, randomly initialized input. Vectors u = [u(i)]Ni=1 determine pruning depth

layers f
(i)
j (Eq. 6.4). Similarly, vectors v = [v(i)]Ni=1 determine widths of blocks of N experts.

Together, (u, v) select sub-networks ei from experts Ei.

Given a total constraint on the computation budget (e.g., MACs, latency, etc.), de-

noted as Td, we optimize the ERA model’s parameters β to predict architecture vectors

(u, v) for an efficient and high-performing set of experts’ architectures. Next, we describe

how we parameterize and apply (u, v). We show the formulation to determine the compute

budget of selected architectures and the final optimization procedure for the ERA in Eq.

6.15.

154



6.3.5.1 Pruning Width

Although one can prune widths of blocks in an expert Ei using a binary vector v(i),

keeping the jth channel when v
(i)
j is 1 and vice versa, such an operation is not differentiable,

making the optimization of parameters β of the ERA challenging. Thus, we introduce soft

vectors v(i), relax them to have continuous values, and use them for width pruning. We

calculate them as follows:

v(i) = sigmoid(
v(i) + n

τ
) (6.7)

n ∼ Gumbel(0, 1) is a noise from the Gumbel distribution [330]. Parameter τ is the tem-

perature that when set appropriately, brings elements of v(i) close to 0 or 1. The calculation

from v(i) to v(i) is called the Gumbel-Sigmoid trick [331, 332]. It is a differentiable estimation

of sampling from a Bernoulli distribution with the Bernoulli parameter of sigmoid(v(i)). We

apply vectors v(i) = [v
(i)
l ]Ll=1 to prune the width of blocks in all of the layers f

(i)
l for the

expert Ei:

f̂
(i)
l = f

(i)
l (.; v

(i)
l ) (6.8)

Here, we apply (multiply) the width vector v
(i)
l to feature maps of the first convolution layer

in the ResBlocks and inputs of the attention operation in the attention blocks in the layer

f
(i)
l . The granularity of our width pruning is similar to our elastic width fine-tuning, i.e.,

we prune channels of convolution layers of ResBlocks and heads of the attention layers.
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6.3.5.2 Pruning depth

Similarly, we employ relaxed continuous vectors u(i) = [u
(i)
j ] for pruning the depth

layers f
(i)
j (Eq. 6.4) of the expert Ei:

u(i) = sigmoid(
u(i) + n

τ
) (6.9)

As there are skip connections in the U-Net, we apply the depth architecture vectors

for the encoder and decoder branches differently.

Encoder depth pruning. We use the following formulation to apply the vector u(i) for

pruning depth layers in the encoder of the expert Ei:

F̂ (i)
j = u

(i)
j f

(i)
j (F (i)

j−1) + (1 − u
(i)
j )F (i)

j−1 (6.10)

In other words, we interpolate between the feature map of the previous layer, F (i)
j−1, and

the result of applying the current layer to it, f
(i)
j (F (i)

j−1). The u
(i)
j values close to 1 simulate

preserving the layer, and 0 simulate removing the layer.

Decoder depth pruning. The input for the layer f
(i)
j in the decoder of the expert Ei is

the concatenation of feature maps F (i)
j−1 of its previous layer and the skip connection feature

maps F (i)
j,skip. Thus, we apply the vector u

(i)
j to it as:

F̂ (i)
j = u

(i)
j f

(i)
j (F (i)

j−1 ∥ F (i)
j,skip) + (1 − u

(i)
j )F (i)

j−1 (6.11)

where ∥ denotes concatenation. Similar to Eq. 6.10, we interpolate between applying or
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removing the layer in Eq. 6.11.

6.3.6 Pruning the Mixture of Experts

We train our Expert Routing Agent to select competent sub-networks of elastically

trained experts given a desired total compute budget. We measure the compute budget

of our models with MACs, following [9, 291]. Given an architecture width vector v
(i)
l , the

MACs of the layer f
(i)
l (.) after applying v

(i)
l will be:

T̂
(i)
l = 1T × ⌊v

(i)
l ⌉ × T

(i)
l (6.12)

where 1 denotes a vector of all ones. ⌊·⌉ is the function that rounds to the nearest integer,

and T
(i)
l is the MACs of the layer f

(i)
l (.). Similarly, the MACs for the layers f

(i)
j (.) that we

use for depth pruning (Eq. 6.4) after applying u
(i)
j will be:

T̂
(i)
j = ⌊u

(i)
j ⌉ × 1T × ⌊v

(i)
j ⌉ × T

(i)
j (6.13)

After applying architecture vectors of each expert Ei, we calculate the total MACs of our

mixture of experts as:

T̂ (u, v) =
N∑

i=1

|Ii|∑N
k=1 |Ik| T̂

(i)(u(i), v(i)) (6.14)

where T̂ (i)(u(i), v(i)) is the MACs of the expert Ei after applying its architecture width

and depth vectors. In Eq. 6.14, we assume that the denoising schedule is linear such that

the number of denoising steps that the expert Ei will contribute to the denoising process
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is proportional to the size of its interval |Ii| . One can alter Eq. 6.14 for other denoising

schedules like quadratic [286], but we focus on the linear schedule as it has been widely

adopted in the literature [1, 9, 286, 291].

Given a desired MACs budget Td, we train our ERA with the following objective to

encourage it to select sub-networks of experts such that each of them has a high performance

and their mixture has a total MACs close to Td:

min
β

J (Td) = [
1

N

N∑

i=1

LDDPM,Ii
(Ei(u

(i), v(i)))] + R(T̂ (u, v), Td) (6.15)

LDDPM,Ii
(Ei(u

(i), v(i))) is the interval denoising objective (Eq. 6.5) of the sub-network of Ei

chosen by (u(i), v(i)). T̂ (u, v) is the total MACs of the mixture of experts (Eq. 6.14) deter-

mined by the architecture vectors (u, v) that are functions of the ERA’s parameters β. R(·)

is the MACs regularization term that we implement it as R(x, y) = log(max(x, y)/ min(x, y)).

Now, as the round function ⌊·⌉ used in Eqs. (6.12, 6.13) is not differentiable, we use the

Straight Through Estimator (STE) [333] to calculate the gradients of R w.r.t the parame-

ters β of our ERA. We implement our ERA model with a GRU [334] layer followed by dense

layers. We found in our experiments that a lightweight (∼ 0.5M parameters) ERA model

suffices to obtain a performant mixture of efficient experts. We show our pruning scheme

in Fig. 6.2 and refer to supplementary S6.2.3 for more details of our ERA’s architecture as

well as our pruning algorithm.
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6.3.6.1 Fine-tuning pruned models.

After our pruning stage, we use architecture vectors predicted by the ERA to prune ex-

perts. Then, we fine-tune the experts with the same settings as the original LDM model [1].

6.4 Experiments

We experiment on the LSUN-Church [307], LSUN-Bedroom [307], FFHQ [327], and

class-conditional ImageNet [326] to verify our method’s effectiveness. We apply our method

to the LDM [1] that implements their denoising model with a U-Net [295] architecture. For

all datasets, we prune the LDM model with three MACs budgets of 70%, 50%, and 30%. In

all experiments, we mainly follow the same hyper-parameter settings as LDM [1], and we

refer to supplementary S6.3 for more details of our experimental setup. We denote our

method as DiffPruning in the rest of the experiments section. We mainly compare our

method with a few recent baselines on architectural efficiency of pixel-space [9] and latent

space [10, 291] DPMs. We do not benchmark with Spectral Diffusion (SD) [293] because

it uses a package1 that does not count MACs of the attention operation QKVAttention

implemented in the LDM repository2. Hence, the MACs of models reported by SD [293]

are not accurate. For instance, SD reports the LDM [1] for LSUN-Church has 18.7G MACs,

but it actually has 20.96G (Tab. 6.1c).

1https://github.com/sovrasov/flops-counter.pytorch
2https://github.com/CompVis/latent-diffusion
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6.4.1 Comparison Results

We summarize comparison results in Tab. 6.1 and refer to supplementary S6.1 for

FID vs. MACs as well as FID vs. Throughput curves of our method and baselines.

LSUN-Bedroom. Tab. 6.1a presents the results on LSUN-Bedroom. First, we can observe

that the LDM [1] can achieve better sample quality (lower FID) while having significantly

lower MACs (higher sampling speed) than the pixel-space DPM, DDPM [11]. Although

SP [9] prunes more than 44% MACs of the DDPM [11], its pruned model still has 36%

more MACs than LDM while drastically degrading the sample quality to 18.6 FID. These

results demonstrate that pixel-space DPMs have much more redundancies than LDMs, and

pruning LDMs is significantly more challenging. Second, our pruned models can achieve

higher throughput speed-up ratio than their pruning ratio while having competitive FID

scores. DiffPruning 70%/50%/30% models reduce MACs by 30%/50%/70%, but can secure

43%/87%/135% sampling speed up compared to LDM [1]. Notably, DiffPruning 70% (50%)

has 5.90 (6.73) FID score which is fairly close to the original LDM (4.39) while substantially

better than the pruned model by SP [9] (18.6). Finally, although not directly comparable,

our pruned models require less training iterations than SP, and we refer to supplemen-

tary S6.3.2 for details.

LSUN-Church. The architecture MACs of the LDM [1] for LSUN-Church is smaller

than LDM models for other datasets as its encoder reduces the spatial dimension by 8

vs. 4 for others. Thus, pruning the LDM for LSUN-Church is more challenging than other

ones, and Tab. 6.1c summarizes the results. First, we can observe that DiffPruning 70%

achieves drastically better FID than the DDPM model pruned by SP [9] while having almost
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Table 6.1: Comparison results of DiffPruning vs. baselines. Throughput values are cal-
culated using an NVIDIA A100 GPU. †: the values are average of our two efficient ex-
perts. ∗: calculated by sampling from provided checkpoints. ‡: speed-ups relative to the
LDM model. The shadowed values are inaccurate, and we refer to supplementary S6.3.3
for a detailed discussion.

LSUN-Bedroom (256 × 256)
Complexity Performance

Model Params MACs
Throughput (↑)
(Sample/Sec)

FID (↓)

DDPM [11] 113.7M 248.7G 0.74 6.62
SP [9] 63.2M 138.8G - 18.6

LDM [1] 274.06M 101.32G 2.01 4.39∗

DiffPruning (70%) 162.06M† 70.84G 3.11 (×1.55)‡ 5.90
DiffPruning (50%) 100.87M† 50.69G 3.75 (×1.87)‡ 6.73
DiffPruning (30%) 48.43M† 31.11G 4.73 (×2.35)‡ 9.22

(a)

FFHQ (256 × 256)
Complexity Performance

Model Params MACs
Throughput (↑)
(Sample/Sec)

FID (↓)

LDM [1] 274.06M 101.32G 1.01 9.53∗

DiffPruning (70%) 194.79M† 71.05G 1.35 (×1.33)‡ 9.80
DiffPruning (50%) 134.67M† 51.87G 1.83 (×1.81)‡ 9.90
DiffPruning (30%) 63.07M† 30.68G 2.90 (×2.87)‡ 10.66

(b)

LSUN-Church (256 × 256)
Complexity Performance

Model Sampler Params MACs
Throughput (↑)
(Sample/Sec)

FID (↓)

LDM [1] DDIM-100 294.7M 20.96G 5.19 5.21∗

LDM [1] DDIM-200 294.7M 20.96G 2.60 5.11∗

DDPM [286]
DDIM-100

113.7M 248.7G 0.74 10.58
SP [9] 63.2M 138.8G - 13.9

DiffPruning (70%) 188.09M† 14.64G 5.73 (×1.11)‡ 9.39
OMS-DPM [10] Searched - - 2.56 11.10

DiffPruning (50%) DDIM-200 112.6M† 10.48G 3.15 10.22
DiffPruning (50%) DDIM-100 112.6M† 10.48G 6.28 (×1.21)‡ 10.89

OMS-DPM [10] Searched - - 6.4 13.7
DiffPruning (30%) DDIM-100 36.9M† 6.35G 6.87 (×1.32)‡ 11.39

(c)

Class-Conditional ImageNet (256 × 256)
Complexity Performance

Model Params MACs
Throughput (↑)
(Sample/Sec)

FID (↓)

ADM [274] 607.9M 1186.4G 0.07 4.59
LDM [1] 400.82M 108.78G 0.32 3.60

DiffPruning (70%) 250.79M† 76.24G 0.43 (×1.34)‡ 8.03
LDM 50% Scratch [9] 189.43M 52.71G - 51.45

Taylor [9] 189.43M 52.71G - 11.18

SP [9] 189.43M 52.71G - 9.16

DiffPruning (50%) 161.06M† 54.32G 0.56 (×1.75)‡ 8.45
DiffPruning (30%) 79.82M† 32.71G 0.92 (×2.87)‡ 13.18

(d)

9.5× fewer MACs. Remarkably, DiffPruning 70% achieves better FID than the full DDPM

model, illustrating that LDMs have better computation-performance frontier than pixel-

space DPMs. Second, DiffPruning 50% and 30% models can achieve both higher throughput

and better FID while requiring more than 7× less training iterations than OMS-DPM [10]

(details in supplementary S6.3.2). DiffPruning 50% with the 100-step DDIM [286] sam-

pler has 2.45× higher throughput (6.28 vs. 2.56) than OMS-DPM with a lower FID. Also,

DiffPruning 50% with 200 steps DDIM sampler still has a higher throughput and better

FID than OMS-DPM. Notably, DiffPruning 50% with 200 steps DDIM sampler can out-

perform the full DDPM model (10.22 vs. 10.58 FID) while having 4.25× faster sampling

throughput. Finally, DiffPruning 30% has higher throughput (6.87 vs. 6.4 FID) while out-

performing OMS-DPM’s model by 2.31 FID. In summary, the comparison results with
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Figure 6.5: Samples from the LDM [1] model and our pruned mixture of experts for different
MACs budgets. The green numbers show the relative sampling throughput speed-up of our
pruned models compared to LDM on an NVIDIA A100 GPU.

OMS-DPM demonstrate the benefit of our elastic fine-tuning for our experts that enables

our method to gather a model zoo without requiring training several models from scratch,

thereby obtaining a higher-performing mixture of efficient experts with much lower training

iterations than OMS-DPM.

FFHQ. Tab. 6.1b shows the results on FFHQ. DiffPruning 70%/50% models can achieve

close FID scores to LDM [1] while enjoying 33%/81% throughput speed-ups. In the extreme

case of 30% MACs budget, DiffPruning secures 2.87× speed-up while having a 1.13 worse

FID score than LDM, which shows that it can successfully prune the LDM for small-scale

datasets like FFHQ as well.
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Class-Conditional ImageNet. Tab. 6.1d summarizes results for ImageNet. DiffPruning

50% model can achieve 0.71 better FID score than SP [9]. The reported MACs values by

SP are not directly comparable to ours, and we elaborate on the reason in supplemen-

tary S6.3.3. In addition, DiffPruning 70%/30% obtain 1.34×/2.87× increase in throughput

compared to LDM. Thus, DiffPruning can effectively prune conditional LDMs as well. In

summary, our experimental results demonstrate that our method can effectively prune both

unconditional and conditional LDM models for datasets with various scales. We provide

samples generated by the original LDM and our pruned mixture of experts with different

budgets in Fig. 6.5.

6.4.2 Ablation Study

We conduct an ablation study to explore the contribution of each component of our

method to its final performance. We implement a Baseline that uses naive parameteri-

zations v = sigmoid(−(βv + n)/τ) (Eq. 6.7) and u = sigmoid(−(βu + n)/τ) (Eq. 6.9) for

pruning a single model. Then, we add the mixture of experts, our ERA model, elastic depth

fine-tuning, and elastic width fine-tuning one at a time for pruning the model. Tab. 6.2

summarizes the results. First, we can observe that employing the mixture of experts im-

proves both the sample quality FID score (which is aligned with the prior works [7, 8]) and

the inference throughput of the pruned model. This result quantitatively justifies our design

choice for clustering the denoising timesteps into intervals and using a specialized model

for each of them. Employing our ERA model yields a faster model than the naive parame-

terization. The reason may be that the naive parameterization cannot properly model the
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complex interactions between experts and between different layers within an expert. No-

ticeably, employing each component of our method improves both dimensions of sampling

throughput and sample quality such that our method can obtain a 1.28× faster model

(throughput 3.75 vs. 2.92) with 3.59 better FID than the naive Baseline. In summary, our

ablation experiments verify our design choices for DiffPruning.

Table 6.2: Ablation results of our proposed method for pruning the LDM model [1] for
LSUN-Bedroom to 50% MACs budget.

Model Sampler MACs
Throughput(↑)
(Sample/Sec)

FID (↓)

Baseline

DDIM-100
50.69G

2.92 10.32
+ Mixture of Experts 3.05 9.65

+ Expert Routing Agent 3.25 8.53
+ Elastic Depth 3.61 8.03

+ Elastic Width (Ours) 3.75 6.73
LDM [1] 101.32G 2.01 4.39

6.5 Chapter Summary and Conclusions

We introduce a novel approach for pruning an LDM model into a mixture of efficient

experts in which each expert performs the denoising task on an interval of the denoising

path. We employ the model’s denoising timesteps’ alignment scores to cluster them into

several intervals and empirically show that the optimal cluster assignments are different

for distinct datasets. Thus, using static clustering schemes is sub-optimal. We propose to

fine-tune the pre-trained LDM on each cluster interval with elastic dimensions to obtain our

interval experts. By doing so, each expert contains an implicit model zoo within itself for

its corresponding interval. Finally, we develop a new pruning scheme in which our Expert

Routing Agent (ERA) learns to prune the elastically trained experts together in an end-to-

end manner. Thus, our ERA automatically allocates the compute budget between experts.
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Our experimental results validate our method’s effectiveness, and our ablation studies show

that our design choices improve both dimensions of the pruned model’s throughput and its

sample quality.
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Supplementary Materials for Chapter 6

We elaborate on more details about our method, experimental setup, and experi-

mental results in the supplementary materials. We follow the same notations introduced in

Sec. 6.3.2.

S6.1 Experimental Results

We present the FID vs. MACs and FID vs. Throughput of our method and baselines

in Fig. 6.6.
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Figure 6.6: Comparison Results of our method vs. baselines, SP [9], OMS-DPM [10],
DDPM [11], and LDM [1]. First Row: FID vs. MACs curves. Second Row: FID vs.

Throughput curves. We calculate the Throughput values with an NVIDIA A100 GPU.
Higher Throughput and Lower FID and MACs indicate a better performance.
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S6.2 Details of Our Method

S6.2.1 Clustering Denoising Time-Steps into Intervals

In this section, we provide details of our method to cluster denoising time-steps of an

LDM [1] into intervals. As mentioned in Sec. 6.3.3, we use two experts in our experiments

for computational efficiency. Thus, we explain our approach for clustering the denoising

path into two intervals, but one may extend it to a higher number of intervals as well.

Given denoising time-steps T = [1, T ], we divide it into two intervals I1 = [T, t1]

and I2 = [t1, 1]. Now, the main question is how to determine the cut-off time-step t1. We

propose to leverage alignment scores of time-steps to find the optimal t1. We take the cosine

similarity between the gradients of training objectives Lt and Ls as the alignment score of

the time-steps t and s and denote it with at,s. We propose to select the cut-off point that

maximizes the weighted average of the mean of alignment scores in clusters:

max
t1

J (t1) =
2∑

i=1

[wi(
∑

j∈Ii

∑

k∈Ii

aj,k

|Ii|2
)] (6.16)

wi =
|Ii|
T

(6.17)

where |Ii| is the number of time-steps in Ii and T is the total number of denoising time-

steps that is usually set to 1000 in practice [1, 11, 286]. The Obj 6.16 encourages to choose

t1 such that the average of alignment scores be high in each cluster while the weights wi

adjust the contribution of each cluster to the objective based on their size. Our weighting
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scheme prevents degenerate solutions such as choosing a single time-step as a separate

cluster. Figs (6.7-6.10) show the J (t1) functions for different datasets. We choose the cut-

off values 400, 625, 700, and 700 for the FFHQ, ImageNet, LSUN-Bedroom, and LSUN-

Church models to maximize their J (t1) values. These values result in the (I1, I2) clusters

that we chose in Sec. 6.3.3 and Fig. 6.3. We believe that one can readily extend our method

to the cases with a higher number of experts by optimizing for the cut-off points that

maximize similar objectives to J . Specifically, if one decides to use C+1 experts (clusters),

they should find C cut-off points t1<t2<· · · <tC to optimize the following objective:

max
t1,t2,···tC

J =
C+1∑

i=1

[wi(
∑

j∈Ii

∑

k∈Ii

aj,k

|Ii|2
)] (6.18)

with the same definitions as Eqs. (6.16, 6.17).

Finally, we note that we use 1024 random images to estimate the gradient of each time-

step for the models for LSUN-Church [307], LSUN-Bedroom [307], and FFHQ [327]. We

employ 16384 samples to do so on ImageNet [326].

S6.2.2 Fine-tuning with Elastic Width

We mentioned in Sec. 6.3.4 that we fine-tune the experts with elastic width after

training them with elastic depth. Here, width means the channels of the convolution

layers in the Residual Blocks [323] and heads of the attention layers [324] in the attention

blocks of the U-Net. Before starting the elastic width fine-tuning, we sort the channels

in the convolution layers in ResBlocks based on their importance, determined by their

L1 norm [328, 329]. Similarly, we sort the attention heads based on the L1 norm of their
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Figure 6.7: Weighted average J (t1) (Eq. 6.16) of the mean of alignment scores in two
clusters for the LDM trained on FFHQ.
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Figure 6.8: Weighted average J (t1) (Eq. 6.16) of the mean of alignment scores in two
clusters for the LDM trained on ImageNet.

projection weights. Then, in each batch of elastic width fine-tuning, We independently

sample a random ratio r (r ∼ U [0, 1)) for each convolution layer with W channels (attention

layer with W heads) and drop the ⌊Wr⌋ least important channels (attention heads) of

the layer. We illustrate our elastic width channel selection for a convolution layer with 4

channels in Fig. 6.11. The channels are sorted based on their L1 norm (shown by their
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Figure 6.9: Weighted average J (t1) (Eq. 6.16) of the mean of alignment scores in two
clusters for the LDM trained on LSUN-Beds.
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Figure 6.10: Weighted average J (t1) (Eq. 6.16) of the mean of alignment scores in two
clusters for the LDM trained on LSUN-Church.

color intensity). The values o1:4 represent different possible channel dropping cases for our

elastic width training of the convolution layers. We similarly drop a ratio of least important

attention heads.
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Figure 6.11: Illustration of our Elastic Width training. We sort the convolution channels
(attention heads) based on their importance (L1 norm) before starting elastic width train-
ing. We drop a random ratio of the least important channels (heads) for convolution layers
(attention layers) for each batch of training. The values o1:4 represent different possible
dropping ratios for a convolution layer with 4 channels.

S6.2.3 Expert Routing Agent

We use a Gated Recurrent Unit (GRU) [334] and dense layers to implement our

Expert Routing Agent (ERA). As mentioned in Sec. 6.3.5, our ERA predicts architecture

vectors (u(i), v(i)) that determine (depth, width) pruning for the expert Ei. We assume

that each expert has D depth pruning layers and L layers for width pruning. We show the

detailed architecture in Tab. 6.3. We randomly initialize the inputs z(i) and keep them fixed

during our pruning process. The values C
(i)
k when k ∈ [1, · · · , L] are equal to the widths of

the layers. In addition, C
(i)
L+1 = D as we use the outputs of the DenseL+1 layer to calculate

the depth architecture vectors u(i).

Table 6.3: The architecture of our Expert Routing Agent. We calculate width architecture
vectors v(i) from the outputs o

(i)
k (k ∈ [1, L]). We compute the depth architecture vector

u(i) from o
(i)
L+1. We refer to Sec. S6.2.3.1 for detailed formulations.

Inputs z(i) = [z
(i)
k ], (k = 1, · · · , L + 1), (i = 1, · · · , N)

GRU(128, 256), WeightNorm, ReLU

Densek(256, C
(i)
k ), WeightNorm, (k = 1, · · · , L + 1)

Outputs o
(i)
k , (k = 1, · · · , L + 1)
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S6.2.3.1 Formulation of Architecture Vectors

In this section, we describe our approach to calculate the architecture vectors (u(i), v(i))

from the output vectors o(i) (Tab. 6.3) of the ERA.

Width Architecture Vectors: We design our width pruning method while considering

our elastic width fine-tuning scheme. As mentioned in Sec. S6.2.2 and Fig. 6.11, we drop a

random ratio of the least important convolution channels (attention heads) when training

the convolution layers (attention layers) in the elastic width manner. We call each convo-

lution channel and attention head a ‘width unit.’ Due to our dropping scheme, the weights

of more important width units get trained more than the lower-importance ones in a layer

and are robust to removing the lower-importance units.

Accordingly, we embed such a prior into the calculation of our width pruning archi-

tecture vectors v(i) = [v
(i)
l ]Ll=1. Let’s assume that the l-th layer of the expert Ei has W width

units [cw]Ww=1 that are sorted based on their orders, namely c1 is the most important unit,

and cW is the least important one. As mentioned in Sec. 6.3.5.1, the calculation from v(i)

to v(i) is called the Gumbel-Sigmoid trick [331, 332], which is a differentiable estimation of

sampling from a Bernoulli distribution with the Bernoulli parameter of sigmoid(v(i)). We

calculate the vector v
(i)
l = [v

(i)
l,w]Ww=1 from the output vector o

(i)
l (Tab. 6.3) such that the

Bernoulli parameters sigmoid(v
(i)
l,w) follow the importance order for the width units cw.

By doing so, the probability of preserving the more important width units is higher than

low-importance ones. Specifically, we calculate v
(i)
l as follows:
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y
(i)
l = Softmax(o

(i)
l ) (6.19)

p
(i)
l = cumsum(y

(i)
l ) (6.20)

v
(i)
l = inverse-sigmoid(p

(i)
l − ϵ) (6.21)

In other words, first, we calculate the Softmax of the output logits vector o
(i)
l . Then, we take

the cumulative summation of the elements of y
(i)
l as p

(i)
l such that p

(i)
l,e =

∑W
w=e+1 y

(i)
l,w. Thus,

p
(i)
l,1 > p

(i)
l,2 > · · · > p

(i)
l,W . Finally, we calculate the inverse sigmoid function for the elements of

the probability vector p
(i)
l to obtain the vector v

(i)
l (the small constant ϵ ensures numerical

stability of the inverse sigmoid function). Doing so ensures that the ERA will preserve the

more important width units with a higher probability than the low-importance ones.
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Figure 6.12: U-Net architecture of the LDM [1].

Depth Architecture Vectors: We calculate the depth architecture vectors u(i) similar

to the scheme for v
(i)
l :
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y
(i)
L+1 = Softmax(o

(i)
L+1) (6.22)

p
(i)
L+1 = cumsum(y

(i)
L+1) (6.23)

u(i) = inverse-sigmoid(p
(i)
L+1 − ϵ) (6.24)

For the depth layers, we empirically found that removing the shallower depth layers

results in a more severe increase in training loss values as well as degradation in sample

quality. Similarly we observed that for the depth blocks in the same stage of the U-Net,

the depth block in the decoder branch is more crucial to the model’s performance than

the one in the encoder branch. Thus, we rank the depth blocks based on 1) their stage

and 2) the branch of the U-Net that the block belongs to. For instance, we rank the

depth pruning blocks in Fig 6.12 as: r = [decoder red block, encoder red block, decoder

green block, encoder green block, decoder blue block, encoder blue block, decoder orange

block, encoder orange block]. We then apply the elements of the soft relaxed depth pruning

architecture vector u(i) calculated from u(i) (Eq. 6.9) with the same order as the ranking

r to the depth blocks. By doing so, the probabilities that our method preserve the depth

pruning blocks will have the same order as the ranking r.

Table 6.4: Hyperparameters of fine-tuning our models with elastic dimensions.

LSUN-Bedroom LSUN-Church FFHQ ImageNet

Elastic Depth
Fine-tuning

Batch Size×Num GPU 32×8 32×8 32×8 32×8
learning rate 9.6e-5 5e-5 8.4e-5 8e-5

Iterations 200k 50k 30k 40k

Elastic Width
Fine-tuning

Batch Size×Num GPU 32×8 32×8 32×8 32×8
learning rate 9.6e-5 5e-5 8.4e-5 8e-5

Iterations 130k 50k 30k 40k
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Algorithm 4 Our Pruning Algorithm

Input: Training dataset D = {(xm, cm)}D
m=1 of images xi and possible conditional inputs

ci; ERA model hERA(z; β); Elastically fine-tuned experts Ei; pruning iterations G; Total
MACs budget Td

Output: Trained Expert Routing Agent.
for e := 1 to G do

1. Sample a mini-batch (x, c) from D.
2. Calculate architecture vectors (u(i), v(i)) using the ERA model hERA(z; β) and
Eqs. 6.21, 6.24.
3. Compute soft pruning vectors (u(i), v(i)) using Eqs 6.7, 6.9.
4. Apply the soft pruning vectors (u(i), v(i)) to the experts using Eqs. 6.8, 6.10, 6.11.
5. Calculate the interval denoising objectives LDDPM,Ii

(Ei(u
(i), v(i))) for the experts

using the samples (x, c) in the mini-batch.
6. Compute the MACs regularization term R(T̂ (u, v), Td).
7. Compute the training objective J (Td), backpropagate the gradients w.r.t the ERA
parameters β and update them.

end
Return: Trained ERA model.

S6.2.4 Pruning Algorithm

We present our pruning algorithm to train our Expert Routing Agent to select proper

sub-networks of the experts in Alg. 4.

S6.3 Experiments

We provide more details about our experimental setup as well as experimental results

in this section.

S6.3.1 Setup

We implement our method upon the LDM codebase3 and mainly follow the hyperpa-

rameter settings of the LDM [1]. We refer to Tables (12, 13) of LDM 4 for hyperparameters

3https://github.com/CompVis/latent-diffusion
4https://arxiv.org/pdf/2112.10752.pdf
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of the architecture of the pretrained models that we use in our experiments. We use the

DDIM sampler [286] for sampling from our pruned models. We set the number of sampling

steps to 100 for the LSUN-Bedroom, 200 for the FFHQ, and 250 for the ImageNet exper-

iments. We conduct all of our experiments on a server with 8 NVIDIA A100 GPUs. We

calculate the inference throughput value for each model by sampling a batch of 64 samples

from it 100 times and averaging the throughput values. We provide more details of our

experimental setup for each stage of our method in the following.

S6.3.1.1 Fine-tuning with Elastic Dimensions

Tab 6.4 summarizes the hyperparameters that we use to fine-tune our experts with

elastic depth and width on their intervals. We adopt the learning rate values from the

settings used to train the pre-trained checkpoints in the LDM [1] paper.

S6.3.1.2 Pruning and Fine-tuning

We provide the hyperparameters for the pruning and fine-tuning stages of our method

in Tab. 6.5.

For the pruning stage of our method on all datasets, we use the AdamW opti-

mizer [335] with a learning rate of 0.001, weight decay of 0.01, and beta parameters

(β1, β2) = (0.9, 0.999) to train the ERA model’s parameters. We also set the temperature

parameter τ for the Gumbell-Sigmoid [332] estimations to 0.4 for all experiments.
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Table 6.5: Hyperparameters for the pruning and fine-tuning stages of our method for
different MACs pruning ratios (30%, 50%, and 70%).

Pruning Fine-tuning
Dataset Parameters 30% 50% 70% 30% 50% 70%

LSUN-Bedroom
Batch Size×Num GPU 12×8 12×8 12×8 32×8 32×8 24×8

learning rate - - - 9.6e-5 9.6e-5 9.6e-5
Iterations 70k 60k 50k 270k 220k 195k

LSUN-Church
Batch Size×Num GPU 12×8 12×8 12×8 32×8 32×8 24×8

learning rate - - - 5e-5 5e-5 5e-5
Iterations 70k 60k 50k 165k 180k 90k

FFHQ
Batch Size×Num GPU 12×8 12×8 12×8 32×8 32×8 24×8

learning rate - - - 8.4e-5 8.4e-5 8.4e-5
Iterations 40k 30k 20k 90k 85k 100k

ImageNet
Batch Size×Num GPU 12×8 12×8 12×8 32×8 32×8 24×8

learning rate - - - 8e-5 8e-5 8e-5
Iterations 50k 40k 30k 205k 130k 135k

S6.3.1.3 Ablation Experiments

We prune all the baselines in the ablation experiments for 60k iterations. Then, we

match their fine-tuning iterations with the summation of the iterations of our elastic depth

fine-tuning, elastic width fine-tuning, and fine-tuning the mixture of efficient experts for

the 50% MACs budget (550k iterations) for a fair comparison.

S6.3.2 Comparison of Training Iterations

We provide a comparison of the number of training iterations for different meth-

ods to obtain a pruned model on LSUN-Bedroom and LSUN-Church in Tabs. 6.6, 6.7

respectively. For example, our method’s total number of iterations is the summation of

iterations for pre-training, elastic depth fine-tuning, elastic width fine-tuning, pruning, and

fine-tuning the mixture of experts.

Although not directly comparable to SP [9] as it prunes a pixel-space DPM, our

method can obtain a pruned model with significantly better quality with less iterations than

SP. This shows that LDMs have much fewer redundancies than pixel-space DPMs. Thus,
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Table 6.6: Comparison of the number of training iterations for different methods on LSUN-
Bedroom. The “Method’s Iterations” column denotes the number of all the training itera-
tions that the pruning method performs to obtain its final efficient model.

LSUN-Bedroom (256 × 256)
Complexity Performance

Model
Pre-training
Iterations

Method’s
Iterations

Total
Iterations

MACs
Throughput (↑)
(Sample/Sec)

FID (↓)

DDPM [11] 2.4M - 2.4M 248.7G 0.74 6.62
SP [9] 2.4M 0.2M 2.6M 138.8G - 18.6

LDM [1] 1.9M - 1.9M 101.32G 2.01 4.39
DiffPruning (70%) 1.9M 0.575M 2.475M 70.84G 3.11 5.90
DiffPruning (50%) 1.9M 0.61M 2.51M 50.69G 3.75 6.73
DiffPruning (30%) 1.9M 0.67M 2.57M 31.11G 4.73 9.22

they can converge faster and pruning them is more challenging.

On LSUN-Church, on the one hand, DiffPruning (70%) converges with only 0.74M

iterations while pixel-space pruned model by SP [9] requires 4.9M iterations to converge

with a 4.51 worse FID score. On the other hand, the comparison results with OMS-DPM [10]

clearly demonstrate the value of our elastic fine-tuning. DiffPruning 50% and 30% require

more than 7× less training iterations than OMS-DPM to obtain a performant mixture

of efficient experts. The reason is that our elastic fine-tuning scheme provides an implicit

model zoo within the experts for each interval without requiring to train multiple models

from scratch to obtain a model zoo as done in OMS-DPM [10].

S6.3.3 Errors in MACs Calculation

We mentioned in the caption of Tab. 6.1 as well as Sec. 6.4.1, the MACs values

reported by SP [9] for the LDM [1] models for the ImageNet experiments are inaccurate. We

describe the reason in the following. SP[9] adopts the ‘flops-counter.pytorch’ package5 to

measure models’ MACs. This package defines a hook for each of the standard PyTorch [101]

5https://github.com/sovrasov/flops-counter.pytorch
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Table 6.7: Comparison of the number of training iterations for different methods on LSUN-
Church. The “Method’s Iterations” column denotes the number of all the training iterations
that the pruning method performs to obtain its final efficient model.

LSUN-Church (256 × 256)
Complexity Performance

Model
Pre-training
Iterations

Method’s
Iterations

Total
Iterations

MACs
Throughput (↑)
(Sample/Sec)

FID (↓)

LDM [1] 0.5M - 0.5M 20.96 5.19 5.21
DDPM [11, 286] 4.4M - 4.4M 248.7G 0.74 10.58

SP [9] 4.4M 0.5M 4.9M 138.8G - 13.9
DiffPruning (70%) 0.5M 0.24M 0.74M 14.64G 5.73 9.39

OMS-DPM [10] 0 >6M >6M - 2.56 11.10
DiffPruning (50%) 0.5M 0.34M 0.84M 10.48G 6.28 10.89

OMS-DPM [10] 0 >6M >6M - 6.4 13.7
DiffPruning (30%) 0.5M 0.335M 0.835M 6.35G 6.87 11.39

layers like nn.Conv2d and keeps a mapping dictionary between standard PyTorch layers

and their hooks. The package calculates the MACs of the model by performing the forward

pass of the model with a random input and counting the layers’ MACs using the defined

hooks. Now, SP [9] implements the Attention layer in the U-Net architecture of LDM

manually, and the defined Attention module is not an element of the mapping dictionary

for the MACs calculation hooks. Thus, the package does not count the number of MACs

for the scaled dot product attention operation as it is not a native PyTorch layer. For

instance, SP reports that (Tab. (3) in SP [9]) the LDM model for ImageNet has 99.8G

MACs. However, we manually implemented counting the MACs for the attention layers

and found that the model actually has 108.78G MACs.

We found a similar problem in the numbers reported by SD [293] . For instance, SD

reports that the LDM for LSUN-Church has 18.7G MACs. We could reproduce the same

number when directly using the ‘flops-counter.pytorch’ package. Yet, we found that the

model actually has 20.96G MACs after adding the attention layers’ MACs.
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Chapter 7: Not All Prompts Are Made Equal: Prompt-based Pruning of

Text-to-Image Diffusion Models

7.1 Introduction

In recent years, diffusion models [11, 272, 273, 336] have revolutionized generative

modeling. For instance, modern Text-to-Image (T2I) diffusion models [17, 19, 337] like

Stable Diffusion [1, 22] have achieved remarkable success in generating realistic images [18,

338, 339] and editing them [275, 340, 341]. Consequently, their integration into various

applications is of great interest. However, the sampling process of T2I diffusion models is

slow and computationally intensive, making them expensive to deploy on GPU clouds for

a large number of users and preventing their utilization on edge devices. Thus, reducing

the computational cost of T2I models is essential prior to serving them.

Two orthogonal factors underlie the sampling cost of T2I diffusion models: their large

number of denoising steps and their parameter-heavy backbone architectures. Most acceler-

ation methods for T2I models reduce the computation per sampling step or skip steps using

techniques like distillation [289, 290, 342] and improved noise schedules [286, 287]. Other

ideas address the second factor and propose efficient architectures for T2I models. Archi-

tecture modification methods [2, 308] modify the U-Net [295] of Stable Diffusion (SD) [1] to
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Figure 7.1: Overview: We prune a text-to-image diffusion model like Stable Diffusion (left) into
a mixture of efficient experts (right) in a prompt-based manner. Our prompt router routes distinct
types of prompts to different experts, allowing experts’ architectures to be separately specialized
by removing layers or channels.

reduce its parameters and FLOPs while preserving performance. Still, they only provide a

few architectural configurations, and generalizing their design choices to new compute bud-

gets or datasets is highly non-trivial. Search-based methods [10, 343] search for an efficient

architecture [343] or an efficient mixture [10] of pretrained T2I models in a model zoo. Yet,

evaluating each action in the search process and gathering a model zoo of T2I models are

both extremely costly, making search methods impractical in resource-constrained scenar-

ios.

The efficient architecture design methods [2, 308, 343] have shown promise, but they

aim to develop ‘one-size-fits-all’ architectures for all applications. We argue that this ap-

proach is misaligned with the common practice for two reasons: 1) Organizations typically

fine-tune pretrained T2I models (e.g., SD) on their proprietary target data and deploy the

resulting model for their specific application. They prioritize performance on their target

data distribution while meeting their computation budget, and the trade-off between effi-

ciency and performance can vary depending on the complexity of the target dataset between

organizations. 2) Verifying the validity of each design choice on large-scale datasets used in

one-size-fits-all methods is costly and slow to iterate, making them impractical.

Model pruning [322] can reduce a model’s computational burden to any desired budget
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with significantly less effort than designing [2, 308] or searching [343] for efficient architec-

tures. Still, T2I models have unique characteristics making existing pruning techniques

unsuitable for them. Static pruning methods are input-agnostic and use the same pruned

model for all inputs, but distinct prompts of T2I models may require different model ca-

pacities. Dynamic pruning employs a separate model for each input sample, but it cannot

benefit from batch-parallelism in modern hardware like GPUs and TPUs.

In this chapter, we introduce Adaptive Prompt-Tailored Pruning (APTP), a novel

prompt-based pruning method for T2I diffusion models. APTP prunes a T2I model pre-

trained on a large-scale dataset (e.g., SD) using a smaller target dataset given a desired

compute budget. It tackles the challenges of static and dynamic pruning methods for T2I

models by training a prompt router module along with a set of architecture codes. The

prompt router learns to route an input prompt to an architecture code, determining the

sub-architecture, called expert, of the T2I model to use. Each expert specializes in generat-

ing images for the prompts assigned to it by the prompt router (Fig. 7.1), and the number

of experts is a hyperparameter. We train the prompt router and architecture codes using a

contrastive learning objective that regularizes the prompt router to select similar architec-

ture codes for similar prompts. In addition, we employ optimal transport to diversify the

architecture codes and the resulting experts’ budgets, allowing deploying them on hardware

with varying capabilities. We take CC3M [13] and MS-COCO [3] as the target datasets

and prune Stable Diffusion V2.1 [1] using APTP in our experiments. APTP outperforms

the single-model pruning baselines, and we show that our prompt router learns to group

the input prompts into semantic clusters. Further, our analysis demonstrates that APTP

can automatically discover challenging prompts for SD, such as prompts for generating
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text images, found empirically by prior work [344, 345]. We summarize our contributions

as follows:

• We introduce APTP, a novel prompt-based pruning method for T2I diffusion models.

It is more suitable than static pruning for T2I models as it is not input-agnostic.

In addition, APTP enables batch parallelism on GPUs, which is not possible with

dynamic pruning.

• APTP trains a prompt router and a set of architecture codes. The prompt router

maps an input prompt to an architecture code. Each architecture code resembles

a pruned sub-architecture expert of the T2I model, specialized in handling certain

types of prompts assigned to it.

• We develop a framework to train the prompt router and architecture codes using

contrastive learning and employ optimal transport to diversify the architecture codes

and their corresponding sub-architectures’ computational requirements, given a de-

sired compute budget.

The contents of this chapter are based on our work [346] published in ICLR 2025.

7.2 Related Work

Efficient Diffusion Models: Methods for accelerating and improving the efficiency of

diffusion models fall into two categories. The first group focuses on reducing the com-

plexity or the number of sampling steps of diffusion models. They use techniques like

distillation [289, 290, 342, 347], learning optimal denoising time-steps [302, 303], designing
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improved noise schedules [286, 287, 300], caching intermediate computations [304, 348, 349],

and proposing faster solvers [297, 298, 350]. The second group is aimed at improving the

architectural efficiency of diffusion models, which is the main focus of our paper. Multi-

expert [10, 292, 309, 351] methods employ multiple expert models each responsible for

a separate part of the denoising process of diffusion models. These methods either design

expert model architectures [292, 351], train several models with varying capacities from

scratch [10], or utilize existing pretained experts [10, 309] with different capacities. How-

ever, pretrained experts are not necessarily available, and training several models from

scratch, as required by multi-expert methods, is prohibitively expensive in practice. Ar-

chitecture Design approaches [2, 293, 308] redesign the architecture of diffusion models

to enhance efficiency. MobileDiffusion [308] modifies the U-Net [295] architecture of Stable

Diffusion (SD) based on empirical heuristics derived from the model’s performance on the

MS-COCO [3] dataset. BK-SDM [2] removes some blocks from the U-Net model of SD and

applies knowledge distillation from the original SD model to the pruned model. Spectral

Diffusion [293] introduces a wavelet gating operation and performs frequency domain dis-

tillation from a pretrained teacher model into a small student model. Yet, generalization of

the heuristics and design choices in the architecture design methods to other tasks and com-

pute budgets is non-trivial. Quantization methods [352, 353, 354, 355, 356, 357, 358, 359]

reduce the precision of model weights and activations during the forward pass to accelerate

the sampling process. Different from these methods, SnapFusion [343] searches for an

efficient architecture for T2I models. However, evaluating each action in the search process

consumes about 2.5 A100 GPU hours, rendering it impractical for resource-constrained

scenarios. Finally, SPDM [9] estimates the importance of different weights in the model
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using Taylor expansion and removes the low-scored architectures. Despite their promising

results, all these methods are ‘static’ in that they obtain an efficient model and utilize it

for all inputs. This is suboptimal for T2I models as input prompts may vary in complexity,

demanding different model capacity levels.

Pruning and Neural Architecture Search (NAS): Our paper also intersects with

model pruning [322] and NAS [315, 316, 317, 318, 319, 320] methods. These methods

prune pretrained models and search for suitable architectures given a specific task and

computational budget. Existing pruning techniques can be categorized into Static and

Dynamic methods. Static pruning approaches [310, 311, 313] prune a pretrained model

and use the pruned model for all inputs. Conversely, dynamic pruning methods [360, 361,

362, 363] employ a separate sub-network of the model for each input. Although static and

dynamic pruning methods have been successful for image classification, they are not suitable

to be directly applied to T2I models. Static pruning methods neglect prompt complexity

and employ the same model for all prompts while dynamic pruning ideas cannot utilize

batch-parallelism in GPUs. We refer to recent surveys [320, 321, 322] for a comprehensive

review of pruning and NAS methods.

Our method distinguishes itself from existing approaches by introducing a prompt-

based pruning technique for T2I models. This work marks the first instance where com-

putational resources are allocated to prompts based on their individual complexities while

ensuring optimal utilization and batch-parallelizability.
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7.3 Method

We introduce a framework for prompt-based pruning of T2I diffusion models termed

Adaptive Prompt-Tailored Pruning (ATPT). APTP prunes a T2I model pretrained on

large-scale datasets (e.g., Stable Diffusion [1]) using a smaller target dataset. This ap-

proach mirrors the common practice where organizations fine-tune pretrained T2I models

on their internal proprietary data and deploy the resulting model for their customers. The

core component of APTP is a prompt router that learns to map an input prompt to an

architecture code during the pruning process. Each architecture code corresponds to a spe-

cialized expert model, which is a sub-network of the T2I model. We train the prompt router

and architecture codes in an end-to-end manner. After the pruning phase, APTP fine-tunes

each specialized model using samples from the target dataset assigned to it by the prompt

router. We elaborate on the components of APTP in the following subsections.

7.3.1 Background

Given an input text prompt, text-to-image (T2I) diffusion models generate a corre-

sponding image by iteratively denoising a Gaussian noise [11, 272, 273]. They achieve

this by training a denoising model, ϵ(·; θ), parameterized by θ. For a given training

image-text pair (x0, p) ∼ P, T2I models define a forward diffusion process, progressively

adding Gaussian noise to the initial image x0 over T steps. This process is defined as

q(xt|x0) = N (xt;
√

ᾱtx0, (1 − ᾱt)I), where ᾱt is the forward noise schedule parameter, typ-

ically chosen such that q(xt|x0) → N (0, I) as t → T . T2I models are trained using the

variational evidence lower bound (ELBO) objective [11]:
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Figure 7.2: Our pruning scheme. We train our prompt router and the set of architecture codes
to prune a text-to-image diffusion model into a mixture of experts. The prompt router consists
of three modules. We use a Sentence Transformer [12] as our prompt encoder to encode the input
prompt into a representation z. Then, the architecture predictor transforms z into the architecture
embedding e that has the same dimensionality as architecture codes. Finally, the router routes
the embedding e into an architecture code a

(i)
. We use optimal transport to evenly assign the

prompts in a training batch to the architecture codes. The architecture code a
(i) = (u(i)

, v
(i))

determines pruning the model’s width and depth. We train the prompt router’s parameters and
architecture codes in an end-to-end manner using the denoising objective of the pruned model
LDDPM, distillation loss between the pruned and original models Ldistill, average resource usage for
the samples in the batch R, and contrastive objective Lcont, encouraging embeddings e preserving
semantic similarity of the representations z.

LDDPM(θ) = E (x0,p)∼P
t∼[1,T ]

ϵ∼N (0,I)
xt∼q(xt|x0)

||ϵ(xt, p, t; θ) − ϵ||2 (7.1)

T2I models sample an image starting from a Gaussian noise xT ∼ N (0, I) and denois-

ing it using the trained denoising model. We refer to supplementary S7.1 for a thorough

review of diffusion models’ formulation.
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7.3.2 Prompt Router and Architecture Codes

We employ our prompt router to determine the specialized sub-network of the T2I

model to be used for a given input prompt. Specifically, we denote our prompt router

with the function fPR(·; η, A), parameterized by η, which maps an input prompt p to an

architecture code a:

a = fPR(p; η, A) (7.2)

We define the set of learnable architecture codes as A = {a(i)}N
i=1, where N is a hyper-

parameter. Also, a(i) ∈ R
D, with D being the number of prunable width and depth units in

the T2I model. Given a desired constraint Td on the total compute budget (latency, MACs,

etc.) for the prompts in the target dataset, we train the prompt router’s parameters η and

architecture codes in A to obtain a set of expert models. These experts are specialized,

efficient, and performant sub-networks of the T2I model, as determined by the architec-

ture codes. As illustrated in Fig. 7.2, the prompt router consists of a prompt encoder, an

architecture predictor, and a router module. We provide details of these components in the

following subsections and present our pruning objective in Eq. 7.15.

7.3.2.1 Prompt Encoder and Architecture Predictor

Our primary intuition in designing the prompt router is that it should route seman-

tically similar prompts to similar sub-networks of a T2I model. Accordingly, we use a

pretrained frozen Sentence Transformer model [12] as our prompt encoder module. It can
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effectively encode input prompts p into semantically meaningful embeddings z:

z = fPE(p) (7.3)

fPE(·) is the prompt encoder. We do not explicitly show the prompt encoder’s pa-

rameters as we do not train them in our pruning method. The Sentence Transformer can

encode semantically similar prompts to nearby embeddings and distant from dissimilar

ones. We leverage this property in our framework (Eq. 7.13) to ensure the prompt router

maps similar prompts to similar architecture codes.

The architecture predictor module transforms prompt embeddings z into architecture

embeddings e:

e = fAP(z; η) (7.4)

η denotes the parameters of the architecture predictor fAP(·), implemented with a

single feed-forward layer (more details in supplementary S7.2). The embeddings e have the

same dimensionality as the architecture codes a.

7.3.2.2 Router

The router module takes an architecture embedding e and routes it to an architecture

code a ∈ A. A straightforward way to implement the router is to map an input embedding

e to its nearest architecture code in A. However, we found that this approach may lead

to the collapse of architecture codes, as they could converge to a single code that meets

the desired compute budget Td with a relatively decent performance, causing the prompt
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router to route all input prompts to it.

To tackle this challenge, we employ optimal transport in our router module during

the pruning phase. Formally, let E = [e1, · · · , eB] represent B architecture embeddings

in a training batch, and A = [a(1), · · · , a(N)] represent the N codes. The goal is to find

an assignment matrix Q = [q1, · · · , qB] that maximizes the similarity between architecture

embeddings and their assigned architecture codes:

max
Q∈Q

Tr(QT AT E) + ϵH(Q) (7.5)

H is an entropy term H(Q) = − ∑
i,j qij log(qij) and ϵ is the regularization strength. It

has been shown [364, 365] that high values of ϵ lead to a uniform assignment matrix Q,

causing all codes in A to collapse to a single code. Thus, we set ϵ to a small value. Further,

we impose an equipartition [364] constraint on Q so that architecture embeddings in a

batch are assigned equally to architecture codes:

Q = {Q ∈ R
N×B
+ | Q1B =

1

N
1N , QT 1N =

1

B
1B} (7.6)

Here, 1{B,N} are vectors of ones with length B and N , respectively. These constraints

enforce that, on average, B
N

embeddings are assigned to an architecture code per training

batch, thereby ensuring that each architecture code gets enough samples for training. The

optimal transport problem in Eq. 7.5 with the constraints in Eq. 7.6 can be solved using

the fast version [366] of the Sinkhorn-Knopp algorithm and the solution has the normalized

exponential matrix form [366]:
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Q∗ = diag(m)exp(
AT E

ϵ
)diag(n) (7.7)

Here, m and n are renormalization vectors that can be calculated using a few itera-

tions of the Sinkhorn-Knopp algorithm. With ϵ set to a small value, the matrix BQ∗ will

have columns that are close to one-hot vectors, which we use to assign the architecture

embeddings to the architecture codes. In summary, the router module’s function during

the pruning process is:

a = fR(e, A; Q∗) (7.8)

After the pruning stage, the trained router simply routes an input architecture em-

bedding to an architecture code with the highest cosine similarity. We provide the definition

of fR in supplementary S7.2.2.

7.3.3 Pruning

We divide each architecture code a(i) ∈ A into two sub-vectors a(i) = (u(i), v(i)). We

utilize the vectors u(i) and v(i) to prune the depth layers and determine widths of the layers,

respectively.

A simple approach to prune the width of a layer (a depth layer) is to use binary

vectors v(i) (u(i)), indicating whether the channels (layers) should be pruned. Yet, doing

so is not differentiable, and one needs to solve a discrete optimization problem to find the

optimal binary vectors. Instead, we employ soft vectors v(i) (u(i)) that are continuous and

differentiable for pruning. We calculate them as:
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v(i) = sigmoid(
v(i) + gv

γ
), u(i) = sigmoid(

u(i) + gu

γ
) (7.9)

g{u,v} ∼ Gumbel(0, 1) represents a noise vector sampled from the Gumbel distri-

bution [367], and γ is the temperature. This formulation, known as the Gumbel-sigmoid

reparameterization [368, 369], is a differentiable approximation of sampling from Bernoulli

distributions with parameters sigmoid(v(i)) and sigmoid(u(i)). When the temperature γ

is set appropriately, the vectors v(i) and u(i) will be close to binary vectors, and we use

them for pruning the layers’ width and depth layers. Assuming v(i) = [v
(i)
l ]Ll=1 where L is

the number of the model’s layers, we prune the width of the l-th layer as:

F̂l = Fl ⊙ v
(i)
l (7.10)

In this equation, Fl represents feature maps of the l-th layer, and ⊙ is the element-

wise multiplication. We prune the channels of the convolution layers in the ResBlocks [323],

attention heads in the Transformer layers [324], and the channels of the feed-forward layers

in the Transformer layers.

In a similar manner, we apply the vectors u(i) = [u
(i)
j ]Mj=1 (where M is the number of

depth layers that we prune) for pruning the model’s depth. Specifically, we prune the j-th

depth layer fj as:

F̂j = u
(i)
j fj(Fj−1) + (1 − u

(i)
j )Fj−1 (7.11)

Fj−1 denotes the previous layer’s feature maps. The granularity of our depth pruning
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is a ResBlock or a Transformer layer in the U-Net of the T2I model. We provide more details

in supplementary S7.2.3. In summary, we employ the architecture vectors a(i) = (v(i), u(i))

to prune the T2I model.

7.3.3.1 Training the Prompt Router and Architecture Codes

We jointly train the prompt router and architecture codes in an end-to-end manner,

guiding the prompt router to map similar prompts to similar architecture codes. In addi-

tion, we regularize the architecture codes to correspond to performant sub-networks of the

T2I model, be diverse, and adhere to the desired compute budget Td on aggregate.

Contrastive Training. Given a training batch with B prompts, we compute their prompt

embeddings z (Eq. 7.3) and architecture embeddings e (Eq. 7.4). Then, we calculate archi-

tecture vectors e′:

e′ = sigmoid(
e + g

γ
) (7.12)

where γ and g have the same definitions as Eq. 7.9. We define the cosine similarity

of two vectors as sim(m, n) = mT n/||m|| · ||n||, and we use the following objective to train

the architecture predictor:

Lcont(η) =
1

B2

B∑

i=1

B∑

j=1

ri,jlog(si,j) + (1 − ri,j)log(1 − si,j) (7.13)

ri,j =
exp(sim(zi, zj)/τ)

∑B
k=1 exp(sim(zi, zk)/τ)

, si,j =
exp(sim(e′

i, e′
j)/τ)

∑B
k=1 exp(sim(e′

i, e′
k)/τ)

(7.14)

τ is a temperature parameter. Eq. 7.13 regularizes the architecture predictor to map
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representations z to the regions of the space of the architecture embeddings e such that their

corresponding architecture vectors e′ maintain the similarity between the prompts. Note

that we do not actually use the architecture vectors e′ to prune the model (Sec. 7.3.2.2, 7.3.3).

Yet, we apply our contrastive regularization to the vectors e′ instead of embeddings e. This

design choice is a result of our observation that applying Lcont to embeddings e may not

lead to diverse architecture vectors a(i) = (v(i), u(i)) that we use for pruning (Sec. 7.3.3). For

instance, embeddings e (and their nearby architecture codes a) can be distributed in the

embedding space (before Gumbel-Sigmoid estimation), but all be in saturation regions of

the sigmoid function (Eqs. 7.9, 7.12), resulting in similar architecture vectors e′ and a(i).

In contrast, Eq. 7.13 implicitly diversifies the architecture vectors a(i). The reason

is that the router routes embeddings e to codes a (Eq. 7.8) that have high similarity

with each other (Eq. 7.7). Also, Eq. 7.13 distributes embeddings e in the space of the

architecture embeddings such that the architecture vectors e′ become similar (different) for

similar (dissimilar) prompts. As the vectors e′ and a(i) are calculated in a similar manner

(Eqs. 7.9, 7.12), the diversity of vectors e′ implies the same for vectors a(i).

Assuming B(i) samples get routed to the architecture code a(i) in a training batch

(
∑

i B(i) = B), we train the prompt router and the architecture codes using the following

objective:

min
η,A

L =[
1

N

N∑

i=1

[
1

B(i)

B(i)∑

j=1

[LDDPM(x
(i)
j , p

(i)
j ; a(i)) + λdistillLdistill(x

(i)
j , p

(i)
j ; a(i))]]]

+ λresR(T̂ (A), Td) + λcontLcont(η)

(7.15)
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LDDPM((x
(i)
j , p

(i)
j ); a(i)) denotes the denoising objective for the sample (x

(i)
j , p

(i)
j ) routed

to sub-network chosen by the architecture code a(i). R(T̂ (A), Td) regularizes the weighted

average of the MACs used by architecture codes (T̂ (A) =
∑

i
B(i)

B
[T̂ (a(i))]) to be close to

Td. We define R(x, y) = log(max(x, y)/min(x, y)), and {λdistill, λres, λcont} are hyperparam-

eters. Finally, Ldistill is the distillation objective [2] regularizing the pruned model having

similar outputs to the original one. We refer to supplementary S7.2.4 for more details about

our distillation objective.

7.3.4 Fine-tuning the Pruned Expert Models

After the pruning stage, we use the learned architecture codes to prune the T2I

model into our experts. Then, we fine-tune experts using samples routed to them. We use

the same training objective as the pretraining stage while adding distillation to fine-tune

experts and refer to supplementary S7.2.5 for more details. At test time, our trained prompt

router routes an input prompt to one of the experts, and we use the expert to generate an

image for it.

7.4 Experiments

We use Conceptual Captions 3M (CC3M) [13] and MS-COCO [3] as our target

datasets to prune the Stable Diffusion (SD) V2.1 model to demonstrate APTP’s effective-

ness. On CC3M, we prune the model with Base: (0.85 MACs, 16 experts) and Small: (0.66

MACs, 8 experts) configurations. On MS-COCO, we perform Base: (0.78 MACs, 8 experts)

and Small: (0.64 MACs, 8 experts) pruning settings. We set (λdistill, λres, λcont)=(0.2, 2.0, 100)
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Figure 7.3: Samples of the APTP-Base experts after pruning the Stable Diffusion V2.1
using CC3M [13] and COCO [3] as the target datasets. Expert IDs are shown on the top
right of images. (See Table 7.6 for prompts)

(Eq. 7.15) and the temperature τ (Eq. 7.14) to 0.03. We evaluate all models with FID [370],

CLIP [371], and CMMD [372] scores using 14k samples in the validation set of CC3M and

30k samples from the MS-COCO’s validation split. For all models, we sample the images

at the resolution of 768 and resize them to 256 for calculating the metrics, using the 25-

steps PNDM [373] sampler following BK-SDM [2]. We refer to supplementary S7.3 for more

details.

7.4.1 Comparison Results

As APTP is the first pruning method specifically designed to prune a pretrained T2I

model on a target dataset, we compare its performance with SD V2.1, weight norm prun-

ing [310], and two recently proposed static pruning baselines, namely Structural Pruning

(SP) [9] and BKSDM [2]. Table 7.1 shows the results. We fine-tune APTP, SP and BKSDM
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for 30k iterations after pruning and give Norm-pruning 50k fine-tuning iterations to ensure

they all reach their final performance level.

CC3M: Table 7.1a summarizes the results on CC3M. With a similar MACs budget and

latency values, APTP (0.85) significantly outperforms the Norm pruning [310], SP [9],

and BKSDM [2] baselines with a significant margin in terms of FID, CLIP, and CMMD

scores. It also achieves 15% less latency while showing close performance scores to SD

V2.1. Notably, APTP (0.66) has approximately 23% less latency and 21% lower MACs

budget than the baselines, but it still outperforms them on all metrics. These results

illustrate the advantages of prompt-based compared to static pruning.

MS-COCO: We present the results for MS-COCO in Table 7.1b. APTP (0.78) reduces

the latency of SD by 22.5% while preserving its CLIP score and achieving a close CMMD

score. Further, with a similar latency, APTP (0.78) significantly outperforms the static

pruning baselines with at least 3.71 FID (BKSDM), 2.34 CLIP (SP), and 0.042 CMMD

(BKSDM) scores. Similar to the results on CC3M, APTP (0.64) achieves approximately

19.3% less latency than the Norm pruning and SP while outperforming them on all scores. In

summary, our quantitative evaluations show the clear advantage of prompt-based compared

to static pruning for T2I models. We provide samples of APTP on the validation sets of

CC3M and MS-COCO in Fig. 7.3 and Appendix S7.3.4.6.

7.4.2 Analysis of the Prompt Router

We analyze our prompt router’s behavior by examining the prompts it assigns to

experts in the APTP-Base (0.85) model for the CC3M experiment. Table 7.2 displays the
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Table 7.1: Results on CC3M and MS-COCO. We report performance metrics using samples gen-
erated at the resolution of 768 then downsampled to 256 [2]. We measure models’ MACs/Latency
with the input resolution of 768 on an A100 GPU. @30/50k shows fine-tuning iterations after
pruning.

CC3M

Method

Complexity Performance

MACs
(@768)

Latency (↓)
(Sec/Sample)

(@768)
FID (↓) CLIP (↑) CMMD (↓)

Norm [310]
@50k

1185.3G 3.4 141.04 26.51 1.646

SP [9]
@30k

1192.1G 3.5 75.81 26.83 1.243

BKSDM [2]
@30k

1180.0G 3.3 87.27 26.56 1.679

APTP(0.66)
@30k

916.3G 2.6 60.04 28.64 1.094

APTP(0.85)
@30k

1182.8G 3.4 36.77 30.84 0.675

SD 2.1 1384.2G 4.0 32.08 31.12 0.567

(a)

MS-COCO

Method

Complexity Performance

MACs
(@768)

Latency (↓)
(Sec/Sample)

(@768)
FID (↓) CLIP (↑) CMMD (↓)

Norm [310]
@50k

1077.4G 3.1 47.35 28.51 1.136

SP [9]
@30k

1071.4G 3.3 53.09 28.98 0.926

BKSDM [2]
@30k

1085.4G 3.1 26.31 28.89 0.611

APTP(0.64)
@30k

890.0G 2.5 39.12 29.98 0.867

APTP(0.78)
@30k

1076.6G 3.1 22.60 31.32 0.569

SD 2.1 1384.2G 4.0 15.47 31.33 0.500

(b)

Table 7.2: The most frequent words in prompts assigned to each expert of APTP-Base pruned
on CC3M. The resource utilization of each expert is indicated in parentheses.

Expert 1 (0.72) Expert 2 (0.73) Expert 3 (0.75) Expert 4 (0.76)

View - Sunset - City - Building - Sky View - Boat - Sea Artist - Actor Actor - Dress - Portrait

Expert 5 (0.77) Expert 6 (0.78) Expert 7 (0.79) Expert 8 (0.79)

Illustration - Portrait - Photo Player - Ball - Game - Team Background - Water - River - Tree Biological Species - Dog - Cat

Expert 9 (0.79) Expert 10 (0.80) Expert 11 (0.81) Expert 12 (0.81)

Illustration - Vector People Car - City - Road Person - Player - Team - Couple

Expert 13 (0.86) Expert 14 (0.90) Expert 15 (0.95) Expert 16 (0.98)

Room - House Art - Artist - Digital Food - Water Person - Man - Woman - Text

most frequent words in the prompts routed to each expert, along with the experts’ MACs

budgets. Our prompt router effectively “specializes” experts by assigning distinct topics to

experts with varying budgets. For instance, Expert 1 focuses on cityscapes, Expert 8 on

animals, and Expert 13 on house interiors and exteriors. Notably, the prompt router assigns

images of textual content and human beings to Expert 16, which has the highest budget.

These categories have been empirically found to be challenging for SD 2.1 [344, 345], and

our prompt router can automatically discover and route them to higher-capacity experts. In

contrast, paintings and illustrations are assigned to lower-budget experts, as they seem to
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Figure 7.4: Comparison of samples generated by low and high budget experts of APTP-Base vs.

SD V2.1 on CC3M and MS-COCO validation sets.

be easier for the model to generate. We provide examples of high and low resource prompts

for APTP-Base on both CC3M and COCO in Fig. 7.4.

7.4.3 Ablation Study

We conduct two ablation experiments to study the impact of APTP’s components

on its performance. First, we implement a naive baseline that uses parameterizations

v = sigmoid((ηv +gv)/τ) and u = sigmoid((ηu +gu)/τ) (Eq. 7.9) to prune a single model. It

directly trains two vectors (ηv, ηu) to do so (‘Uni-Arch Baseline’ in Table 7.3). Then, we

start with a router trained only using the contrastive objective (Eq. 7.13) and add optimal

transport and distillation incrementally to prune SD V2.1 into 8 experts with 80% MACs

budget on MS-COCO [3]. We fine-tune all pruned models with 10k iterations, and Table 7.3

presents the results. We observe that the contrastive training (Eq. 7.13) alone fails to

improve results from pruning a single model to a mixture of experts. This is because

although the contrastive objective makes the architecture codes diverse, it does not enforce
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the prompt router to distribute the prompts between architecture codes. Thus, it routes

most of the input prompts to a single expert. As a result, all experts except one receive

insufficient training samples and generate low-quality samples after fine-tuning, leading to

the mixture showing worse metrics than the baseline. Employing optimal transport (Eq. 7.5)

in the prompt router significantly improves FID (10.22), CLIP (1.17), and CMMD (0.18)

scores of the mixture. In addition, distillation can further improve the architecture search

process of the experts, resulting in a more performant mixture. In summary, these results

validate the effectiveness of our design choices for APTP.

Table 7.3: Ablation results of APTP’s components on 30k samples from MS-COCO [3]
validation set. We fine-tune all models for 10k iterations after pruning.

Method MACs(@768) Latency(@768) FID (↓) Clip Score (↑) CMMD (↓)

Uni-Arch Baseline 1088.8G 3.1 46.56 29.11 0.91

Contrastive Router 1079.5G 3.1 48.78 28.90 0.92
+ Optimal Transport 1076.6G 3.1 38.56 30.07 0.74
+ Distillation (APTP) 1076.6G 3.1 25.57 31.13 0.58
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Figure 7.5: Ablation Results for the
number of experts of APTP on MS-
COCO.

In our second ablation experiment, we explore

the impact of the number of experts on APTP. We

prune SD V2.1 to 80% MACs budget using APTP

with 4, 8, and 12 experts on MS-COCO. Fig.

7.5 shows the results. Interestingly, the results

demonstrate that the relationship between FID and

CLIP scores with the number of experts is nonlin-

ear, and the optimal number of experts is dataset-

dependent. This observation illustrates that prompt-based pruning is more suitable than

static pruning for T2I models.
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7.5 Chapter Summary and Conclusions

In this chapter, we developed Adaptive Prompt-Tailored Pruning (APTP), the first

prompt-based pruning method for text-to-image (T2I) diffusion models. APTP takes a

T2I model, pretrained on large-scale data, and prunes it using a target dataset, resembling

the common practice that organizations fine-tune T2I models on their internal data before

deployment. The core element of APTP is a prompt router module that learns to decide

the model capacity required to generate a sample for an input prompt, routing it to an

architecture code given a desired compute budget. Each architecture code corresponds to

a sub-network of the T2I model, specializing in generating images for the prompts that

prompt router routes to it. APTP trains the prompt router and architecture codes in an

end-to-end manner, encouraging the prompt router to route similar prompts to similar

architecture codes. Further, we utilize optimal transport in the prompt router of APTP

during pruning to diversify the architecture codes. Our experiments in which we prune

Stable Diffusion (SD) V2.1 using CC3M and MS-COCO as target datasets demonstrate the

benefit of prompt-based pruning compared to conventional static pruning methods for T2I

models. Further, our analysis on APTP’s prompt router reveals that it can automatically

discover challenging prompt types for SD, like generating text, humans, and fingers, routing

them to experts with high compute budgets.
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Supplementary Materials for Chapter 7

S7.1 Overview of Diffusion Models

Given a random variable x0 ∼ P, the goal of diffusion models [11, 272] is to model the

underlying distribution P using a training set D = {x0} of samples. To do so, first, diffusion

models define a forward process parameterized by t in which they gradually perturb each

sample x0 with Gaussian noise with the variance schedule of βt:

q(xt|xt−1) = N (xt;
√

1 − βtxt−1, βtI) (7.16)

where t ∈ [1, T ]. Thus, q(xt|x0) has a Gaussian form:

q(xt|x0) = N (xt;
√

ᾱtx0, (1 − ᾱt)I) (7.17)

where αt = 1 − βt and ᾱt =
∏t

i=1 αi. The noise schedule βt is usually selected [11]

such that q(xT ) → N (0, I). Assuming βt is small, diffusion models approximate the

denoising distribution q(xt−1|xt) by a parameterized Gaussian distribution pθ(xt−1|xt) =

N (xt−1; 1√
αt

(xt − βt√
1−ᾱt

ϵθ(xt, t)), σ2
t I), and σ2

t is often set to βt. Diffusion models implement

ϵθ(.) with a neural network called the denoising model and train it with the variational

evidence lower bound (ELBO) objective [11]:

LDDPM(θ) = E t∼[1,T ]
ϵ∼N (0,I)

xt∼q(xt|x0)

||ϵ(xt, t; θ) − ϵ||2 (7.18)

Similarly, T2I diffusion models train a denoising model using pairs of image and text
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prompts (x0, p) ∼ P to model the distribution P(x0|p) of images given an input text

prompt:

LDDPM(θ) = E (x0,p)∼P
t∼[1,T ]

ϵ∼N (0,I)
xt∼q(xt|x0)

||ϵ(xt, p, t; θ) − ϵ||2 (7.19)

T2I Diffusion models generate a new sample by sampling an initial noise from xT ∼

p(xT ) = N (0, I) and iteratively denoising it using the denoising model by sampling from

pθ(xt−1|xt, p). Thus, the sampling process requires T sequential forward calculation of the

denoising model, making it a slow and costly process.

S7.2 More Details of APTP

In this section we provide more details of the architecture predictor, the prompt router

module, and our pruning method.

S7.2.1 Architecture Predictor

fAP(·) in Eq. 7.4 is the architecture predictor. The architecture predictor changes the

dimensionality of z to the dimensionality of e and codes a, which is the number of prunable

width and depth units in the T2I model. We implement the fAP function with a single feed-

forward layer. Our prompt encoder, Sentence Transformer [12], has an output dimension

of 768. The total number of prunable units in SD 2.1 is 1620, so the architecture predictor

has an input dimension of 768 and an output dimension of 1620 in all of our experiments.
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S7.2.2 Router Module Definition

During the pruning process, we use the assignment matrix Q∗ calculated by optimal

transport (Eq. 7.7) to route the architecture embeddings e to the architecture codes a. Thus,

during the pruning process, the definition of function fR is as follows:

I = argmax(BQ∗, dim = 0) (7.20)

fR(e, A, Q∗) = A[:, I] (7.21)

where e represents the architecture embeddings in a pruning batch, A is the set of

architecture codes, Q∗ is the calculated optimal assignment matrix, and A is the matrix of

architecture codes.

At test time, the router function routes an input architecture embedding e to the

most similar trained architecture code:

fR(e, A) = argmaxa∈A
eT a

||e||||a|| (7.22)

S7.2.3 Pruning Depth

We apply the vectors u(i) = [u
(i)
j ]Mj=1 (Eq. 7.9) to prune the model’s depth with M

being the total number of layers we prune. As the U-Net [295] architecture of T2I models

has skip connections, we prune the depth layers in the encoder and decoder sides separately.

Pruning Depth in Encoder. We prune the j-th depth layer fj in the encoder by applying

the vector u
(i)
j with the following formulation:
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F̂j = u
(i)
j fj(Fj−1) + (1 − u

(i)
j )Fj−1 (7.23)

where Fj−1 is the feature maps of the previous layer. When u
(i)
j is close to one/zero,

the j-th layer will be kept/pruned.

Pruning Depth in Decoder. In the decoder, the input of each layer is a concatenation

of feature maps of the previous layer and feature maps of its corresponding encoder layer

from the skip connection Fj,skip. Thus, we prune the j-th depth layer fj in the decoder as:

F̂j = u
(i)
j fj(Fj−1||Fj,skip) + (1 − u

(i)
j )Fj−1 (7.24)

S7.2.4 Distillation Objective

Assuming B(i) samples get routed to the architecture code a(i) in a training batch

(
∑

i B(i) = B), we train the prompt router and the architecture codes using the following

objective:

min
η,A

L =[
1

N

N∑

i=1

[
1

B(i)

B(i)∑

j=1

[LDDPM(x
(i)
j , p

(i)
j ; a(i)) + λdistillLdistill(x

(i)
j , p

(i)
j ; a(i))]]]

+ λresR(T̂ (A), Td) + λcontLcont(η)

(7.25)

LDDPM(x
(i)
j , p

(i)
j ; a(i)) denotes the denoising objective for the sample (x

(i)
j , p

(i)
j ) routed to the

sub-network chosen by the architecture code a(i) (Eq. 7.19). R(T̂ (A), Td) regularizes the

weighted average of the MACs used by architecture codes (T̂ (A) =
∑

i
B(i)

B
T̂ (a(i))) to be

close to Td. We define

205



R(x, y) = log(max(x, y)/min(x, y)) (7.26)

as it can keep the resource usage close to the target value. Lcont, given by Eq. 7.13, is

the contrastive loss that guides the architecture predictor to map prompt representations

to the regions of the space of the architecture embeddings such that their corresponding

architecture vectors maintain the similarity between the prompts. Finally, Ldistill is the

distillation objective [374], regularizing the pruned model to have similar outputs to the

original one. We do distillation at two levels, output level and block level. The output level

distillation objective is:

Loutput-distill(x
(i)
j , p

(i)
j ; a(i)) = E t∼[1,T ]

ϵ∼N (0,I)

x
(i)
j,t

∼q(xt|x(i)
j

)

[||ϵTeacher(x
(i)
j,t , p

(i)
j , t; θ)−ϵSub-Net(x

(i)
j,t , p

(i)
j , t; θ, a(i))||2]

(7.27)

Here, ϵTeacher(x
(i)
j,t , p

(i)
j , t; θ) denotes the original model’s output and ϵSub-Net(x

(i)
j,t , p

(i)
j , t; θ, a(i))

denotes the output of the sub-network chosen by the architecture code a(i). The way we

prune the U-Net preserves the output shape of each block. Doing so enables us to do dis-

tillation at block level as well and regularize the sub-network to match the output of the

original model at each block. The block-level distillation objective is:

Lblock-distill(x
(i)
j , p

(i)
j ; a(i)) = E t∼[1,T ]

ϵ∼N (0,I)

x
(i)
j,t

∼q(xt|x(i)
j

)

[
∑

b

||ϵb
Teacher(x

(i)
j,t , p

(i)
j , t; θ)−ϵb

Sub-Net(x
(i)
j,t , p

(i)
j , t; θ, a(i))||2]

(7.28)
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Here, ϵb
Teacher and ϵb

Sub-Net denote the outputs of block b of the original model and the

chosen sub-network of it, respectively. The total distillation loss Ldistill is simply the sum

of the output-level loss and the block-level distillation loss:

Ldistill = Loutput-distill + Lblock-distill (7.29)

S7.2.5 Fine-tuning

The finetuning loss is a weighted average of the original DDPM objective (Eq. 7.19)

and the distillation loss term (Eq. 7.29):

Lfinetuning = αDDPMLDDPM + αdistillLdistill (7.30)

S7.3 Experiments

S7.3.1 Models and Datasets

We use two datasets as our target datasets: Conceptual Captions 3M (CC3M) [13]

and MS-COCO Captions 2014 [3] with approximately 2.5M and 400K image-caption pairs,

respectively. We apply APTP to the Stable Diffusion 2.1 (SD 2.1) [1] model. On CC3M,

we prune SD2.1 with two settings: Base (0.85 budget, 16 experts) and Small (0.66 budget,

8 experts). Similarly, for COCO, we have two settings: Base (0.78 budget, 8 experts) and

Small (0.64 budget, 8 experts).
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S7.3.2 Experimental Settings

We train at a fixed resolution of 256×256 across all settings. During pruning, we first

train the architecture predictor for 500 iterations as a warm-up phase. During this warm-up

phase, we directly use its predicted architectures for pruning. Then, we start architecture

codes and train the architecture predictor jointly with the codes for an additional 2500

iterations. We use the AdamW [375] optimizer and a constant learning rate of 0.0002 for

both modules, with a 100-iteration linear warm-up. The effective pruning batch size is

1024, achieved by training on 16 NVIDIA A100 GPUs with a local batch size of 64. The

temperature of the Gumbel-Sigmoid reparametrization (Eq. 7.9) is set to γ = 0.4. We

set the regularization strength of the optimal transport objective (Eq. 7.5) to ϵ = 0.05.

We use 3 iterations of the Sinkhorn-Knopp algorithm [366] to solve the optimal transport

problem [365]. We set the contrastive loss temperature τ to 0.03. The total pruning loss

is the weighted average of DDPM loss, distillation loss, resource loss, and contrastive loss

(see Eq. 7.15) with weights λdistill = 0.2, λres = 2.0, and λcont = 100.0. After the pruning

phase, we fine-tune the experts with the prompts assigned to them for 30,000 iterations

using the AdamW optimizer, a fixed learning rate of 0.00001, and a batch size of 128. Upon

experiments, we observed that higher weights of the DDPM loss result in unstable fine-

tuning and slow convergence. As a result, we set the DDPM loss weight in the fine-tuning

loss (Eq. 7.30) αDDPM to 0.0001. We set αdistill = 1.0. For sample generation, we use the

classifier-free guidance [376] technique with the scale of 7.5 and 25 steps of the PNDM

sampler [373].
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S7.3.3 Evaluation

For quantitative evaluation of models pruned on CC3M, we use its validation dataset

of approximately 14k samples. For COCO, we sample 30k captions of unique images

from its 2014 validation dataset. We report Fréchet inception distance (FID) [370], CLIP

score [371], and Maximum Mean Discrepancy with CLIP Embeddings (CMMD) [372] for

APTP, the baselines, and SD 2.1 itself.

S7.3.4 Results

S7.3.4.1 Training Loss

Introduced in section 7.3.3.1, the resource loss regularizes the weighted average of the

MACs used by architecture codes (T̂ (A) =
∑

i
B(i)

B
[T̂ (a(i))]) to be close to Td. We define

resource loss as:

R(x, y) = log(max(x, y)/min(x, y)) (7.31)

Fig. 7.6a illustrates the resource loss when applying APTP-Base to prune Stable

Diffusion 2.1 using the COCO dataset as the target. This is shown under two conditions:

with and without optimal transport following the initial warm-up phase (refer to S7.3

for details). APTP effectively regularizes the model so average MACs of the architecture

codes is very close to the target budget. Fig. 7.6b presents the contrastive loss (Eq. 7.13)

under the same conditions. APTP maps the prompt embeddings to regions of architecture

embeddings such that their corresponding architectures maintain the similarity between

prompts.
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(a) Resource loss. (b) Contrastive loss.

Figure 7.6: Resource and Contrastive loss observed when applying APTP-Base with a MAC
budget of 0.77 to prune Stable Diffusion 2.1 using the COCO dataset. The comparison is
made between two settings: with and without optimal transport. APTP both adheres to
the target MAC budget and finds architecture vectors that maintain the similarity between
the prompts.

S7.3.4.2 Visualization of the Impact of Optimal Transport

Fig. 7.7 displays the assignment of prompts to experts with and without optimal

transport. By adding optimal transport, the assignment becomes more diverse, ensuring

all experts get enough samples. This results in a significant improvement of performance

metrics (See Table 7.3). Fig. 7.8 shows the distribution of the number of training CC3M

samples mapped to each expert of APTP-Base.

S7.3.4.3 Analysis of Prompt Router on COCO

Table 7.4 demonstrates the most frequent words in the prompts assigned to each ex-

pert of APTP-Base pruned on COCO, revealing distinct topics and effective specialization.

For example, Expert 1 specializes in indoor scences, Expert 5 in wildlife, and Expert 6 in

urban scences. Expert 8 which has the highest resource utilization, focuses on images of

human beings and hands, an observation consistent with our prompt analysis on CC3M

(Table 7.2). Hands are another category that have been found to be challenging for SD
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(a) Without Optimal Transport (b) With Optimal Transport

Figure 7.7: Comparison of sample assignments in a batch to experts with and without opti-
mal transport. The incorporation of optimal transport results in a more diverse assignment
pattern. In the figure, each square represents a prompt within the batch, and the color
signifies the budget level of the expert assigned to the prompt. Higher-resource experts are
indicated by darker blue.

2.1 [377].

Table 7.4: The most frequent words in prompts assigned to each expert of APTP-Base
pruned on COCO. The resource utilization of each expert is indicated in parentheses.

Expert 1 (0.65, Indoor Scenes and Dining) Expert 2 (0.77, Food and Small Groups)

table - plate - kitchen - sitting food - pizza - sandwich

Expert 3 (0.78, People and Objects) Expert 4 (0.79, Sports and Activities)

skateboard - surfboard - laptop - tie - phone tennis - baseball - racquet - skateboard - skis

Expert 5 (0.79, Wildlife and Nature) Expert 6 (0.80, Urban Scenes and Transportation)

giraffe - herd - sheep - zebra - elephants street - train - bus - park - building

Expert 7 (0.81, Outdoor Activities and Nature) Expert 8 (0.83, Domestic Life and Pets)

beach - ocean - surfboard - kite - wave man - woman - girl - hand - bed - cat

S7.3.4.4 Quantitative Results

The quantitative results on the CC3M and MS-COCO datasets (Table 7.5) indicate

that APTP significantly outperforms the baseline Norm method in terms of FID and CLIP

scores while also reducing complexity. For both datasets, APTP at 30k and 50k fine-tuning
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Figure 7.8: Distribution of CC3M Samples Mapped to Each Expert of APTP-Base, Includ-
ing Resource Utilization Ratios
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Table 7.5: Quantitative results on CC3M and MS-COCO. We report the performance met-
rics using samples generated at the resolution of 768 and downsampled to 256 [2]. We mea-
sure models’ MACs and Latency with the input resolution of 768 on an A100 GPU. @30/50k
shows the model’s fine-tuning iterations after pruning.

CC3M

Method

Complexity Performance

MACs
(@768)

Latency (↓)
(Sec/Sample)

(@768)
FID (↓) CLIP (↑) CMMD (↓)

Norm [310]
@30k

1185.3G 3.4 157.51 26.23 1.778

Norm [310]
@50k

1185.3G 3.4 141.04 26.51 1.646

APTP(0.66)
@30k

916.3G 2.6 60.04 28.64 1.094

APTP(0.66)
@50k

916.3G 2.6 54.95 29.08 1.017

APTP(0.85)
@30k

1182.8G 3.4 36.77 30.84 0.675

APTP(0.85)
@50k

1182.8G 3.4 36.09 30.90 0.669

SD 2.1 1384.2G 4.0 32.08 31.12 0.567

(a)

MS-COCO

Method

Complexity Performance

MACs
(@768)

Latency (↓)
(Sec/Sample)

(@768)
FID (↓) CLIP (↑) CMMD (↓)

Norm [310]
@30k

1077.4G 3.1 60.42 27.06 1.524

Norm [310]
@50k

1077.4G 3.1 47.35 28.51 1.136

APTP(0.64)
@30k

890.0G 2.5 39.12 29.98 0.867

APTP(0.64)
@50k

890.0G 2.5 36.17 30.21 0.739

APTP(0.78)
@30k

1076.6G 3.1 22.60 31.32 0.569

APTP(0.78)
@50k

1076.6G 3.1 22.26 31.38 0.561

SD 2.1 1384.2G 4.0 15.47 31.33 0.500

(b)

iterations shows lower FID and CMMD values and higher CLIP scores compared to the

baseline, demonstrating the advantage of prompt based pruning compared to static pruning

ideas for T2I models.
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S7.3.4.5 Expert Architectures

Figures 7.9 and 7.10 display the block-level U-Net architecture of all experts of APTP-

Base, with CC3M and COCO as the target datasets, respectively. The retained MAC pat-

terns are markedly different, further corroborating that different datasets require distinct

architectures and that a ‘one-size-fits-all’ approach is not well-suited for T2I models. For

CC3M, down-sampling blocks generally are retained with higher ratios. Overall, APTP

tends to prune Resnet Blocks more frequently and aggressively compared to Attention

Blocks.

S7.3.4.6 Samples of APTP

Table 7.6 displays the prompts for the images in Fig. 7.3 from CC3M and COCO

validation sets.

We also provide more samples from APTP-Base pruned on CC3M and COCO. Fig.

7.11 presents samples from the validation set of CC3M generated by each 16 experts of

APTP-Base at 0.85 MACs budget. Fig. 7.12 shows samples from the validation set of

COCO from each of the 8 experts of APTP-Base pruned to 0.78 MACs budget.
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Figure 7.9: The block-level retained MAC ratio of the UNet architecture of all experts of
APTP-Base applied to Stable Diffusion 2.1 with CC3M as the target dataset.
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Figure 7.10: The block-level retained MAC ratio of the UNet architecture of all experts of
APTP-Base applied to Stable Diffusion 2.1 with COCO as the target dataset. The groups
of ResBlocks and the heads of Attention Blocks are pruned based on the outputs of the
architecture predictor. The intensity of the color of each block represents the resource
utilization of it. The number in each block indicates the precise ratio of retained MACs of
the block. Conv in, Conv out, and skip connections between corresponding down and up
blocks are omitted for brevity.
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Figure 7.11: Samples of the APTP-Base experts after pruning the Stable Diffusion V2.1
using CC3M [13] as the target dataset. Each row corresponds to a unique expert. Please
refer to Table 7.2 for the groups of prompts assigned to each expert.
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Figure 7.12: Samples of the APTP-Base experts after pruning the Stable Diffusion V2.1
using MS-COCO [3] as the target dataset. Each row corresponds to a unique expert. Please
refer to Table 7.4 for the groups of prompts assigned to each expert.
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CC3M Prompts

Saw this beautiful sky on my way home.
A silhouetted palm tree with boat tied to it rests on a beach that a man walks across during golden hour.
Sketch of a retro photo camera drawn by hand on a white background.
From left: person person, the dress on display.
Never saw a doll like this before but she sure is sweet looking.
The team on the summit.
A water drop falls towards a splash already made by another water drop.
Husky dog in a new year’s interior.
Old paper with a picture of flowers, ranked in a moist environment.
People on new year’s eve!
I drive over stuff - a pretty cool jeep, 4x4, or truck t-shirt.
The crowds arrive for day of festival.
A scary abandoned house under a starry sky.
Freehand fashion illustration with a lady with decorative hair.
Introduce some new flavors to your favorite finger food with these inspired chicken wings.
Gloomy face of a sad woman looking down, zoom in, gray background.

COCO Prompts

A white plate topped with a piece of chocolate covered cake.
Decorated coffee cup and knife sitting on a patterned surface.
A desk topped with a laptop computer and speakers.
A man sitting on the beach behind his surfboard.
A pizza type dish with vegetables and a lemon wedge.
The browned cracked crust of a baked berry pie.
A tennis player in an orange skirt walks off the court.
The skier in the helmet moves through thick snow.
A giraffe walks leisurely through the tall grass.
Several brown horses are standing in a field.
A red fire hydrant on a concrete block.
A bus driving in a city area with traffic signs.
There is a man on a surf board in the ocean.
A boat parked on top of a beach in crystal blue water.
A small kitchen with low a ceiling.
A calico cat curls up inside a bowl to sleep.

Table 7.6: Prompts for Fig. 7.3
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Chapter 8: Conclusion and Discussion

In this thesis, we introduced innovative methods to enhance the efficiency and perfor-

mance of deep learning models for visual recognition and generative modeling tasks through

pruning and architecture search. The unifying theme of the proposed ideas is our differ-

entiable pruning framework, where one or more selection modules, implemented as neural

networks, learn to determine the optimal structure of a target deep model given a computa-

tional budget constraint. Except in Chapter 4, we leveraged the Gumbel-Softmax trick [368]

and the Straight-Through Estimator [333] to make the selection operation in pruning and

architecture search differentiable, enabling gradient-based optimization to train the selector

module. This approach significantly reduces the computational burden and manual effort

compared to traditional discrete neural architecture search and architecture design meth-

ods. Due to the inherent differences between visual recognition and generative modeling

tasks, we structured this dissertation in two high-level parts, adapting our differentiable

pruning scheme to each domain while taking their unique characteristics and requirements

into account.

In part I, we design model pruning techniques for CNN classifiers for visual recog-

nition. In Chapter 2, we proposed to prune a pre-trained CNN classifier by leveraging

the interpretations of its decisions. We introduced a novel Amortized Explanation Model
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(AEM) that provides real-time smooth saliency maps for the classifier’s predictions. Then,

we regularized the pruned model to maintain similar saliency maps to the original one.

Our experiments verified that interpretations of a classifier contain valuable information

for pruning, complementary to its outputs and weights that previous methods used for

pruning.

We then addressed the problem of designing kernel sizes for CNNs in Chapter 3.

We developed a size predictor and a kernel predictor models that we collaboratively train

them to determine the kernel sizes and their weights in a differentiable manner, given a

desired parameter budget for the model. Our experiments showed that our method can

achieve both significant speed up for the search process and better final accuracy than

the baselines. Therefore, our method provides and effective and efficient approach for the

kernel size learning problem.

In Chapter 4, we proposed a method to reduce the complexity of the pruning process

for CNNs. Specifically, model pruning methods follow a three-step process of pre-training,

pruning, and fine-tuning to prune a given architecture. Our method accomplishes the

first two steps by jointly training a reinforcement learning agent and the model’s weights.

The agent learns to determine the proper sub-network of the model during the pre-training

phase, thereby improving the efficiency of the pruning process while achieving a competitive

final pruned model’s performance. As the model’s weights evolve during pre-training, we

introduced a mechanism to model the changing dynamics of the reward function for the

agent during training. Doing so enabled us to train the agent using its episodic observations

during the pre-training phase.

In part II, we developed model pruning techniques for deep visual generative models.
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Specifically, we focused on inference efficiency of Generative Adversarial Networks (GANs)

as well as diffusion models and introduced methods tailored for their characteristics. In

Chapter 5, we pruned conditional image-to-image translation GANs using local density

structures on their manifold. Additionally, we introduced a framework to prune both the

generator and discriminator using our pruning agents in a collaborative manner. The

pruning agents exchange feedback during pruning, thereby alleviating mode collapse and

improving the stability of the pruning process. Our experiments showed that our method

can reduce the MACs of a pretrained Pix2Pix or Cycle-GAN model by 80% or more on the

benchmarks while almost recovering their performance or even outperforming them.

We then proposed a structural pruning method for diffusion models in Chapter 6. We

leveraged the gradual sampling process of diffusion models to prune a pre-trained model into

a mixture of efficient experts. Inspired by the previous empirical findings indicating that

different stages of the denoising process have varying roles, our pruning method provides

a mixture of experts, each handling a distinct part of the denoising process while having

a specialized architecture. We train an Expert Routing Agent (ERA) that automatically

allocates resources between experts in a differentiable manner, without requiring manual

heuristics. Our experiments illustrated that our mixture of experts achieves better quality

and sampling throughput than employing a single pruned model for all of the denoising

process.

Finally, we developed a prompt-based pruning technique for modern text-to-image

diffusion models in Chapter 7. We built it upon the intuition that different prompts have

varying architectural capacity requirements. Thus, we prune a pre-trained text-to-image

diffusion model into a set of efficient experts such that each expert is specialized to generate
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samples for the prompts routed to it. We train a prompt router module along with a set

of architecture codes in an end-to-end manner to find the optimal configurations of the

experts given a desired computational budget constraint for the mixture. We showed that

our prompt-based pruning scheme is more suitable than static pruning baselines for text-

to-image models, achieving significantly better sample quality metrics with similar or lower

latency values.

8.1 Broader Context and Future Directions

The ideas presented in this thesis primarily focus on differentiable and efficient model

pruning for various deep vision models, including those designed for visual recognition and

generative modeling. We hope this work serves as a foundation for other researchers to

develop more comprehensive and effective techniques in the following areas:

First, model pruning represents just one avenue within the broader context of ar-

chitectural optimization and inference efficiency, which includes other directions such as

quantization, neural architecture search (NAS), architecture design, and distillation. These

approaches are often pursued independently and tailored to specific applications. For in-

stance, quantization [378, 379] is the widely adopted method for improving the inference

efficiency of large language models (LLMs), and distillation has been extensively applied

to reduce the number of denoising steps in diffusion models [380].

As model sizes continue to scale into the tens of billions or even trillions of pa-

rameters [14, 15], a promising direction for future research lies in integrating different

architectural optimization techniques in a unified framework. This thesis’s contributions
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to differentiable pruning can serve as inspirations toward such integration. For instance,

one could design a selector module that simultaneously prunes a model’s layers and de-

termines their precision in an end-to-end manner, combining the strengths of pruning and

quantization.

Second, in the domain of generative modeling, our work on pruning diffusion models

introduces a mixture of experts specialized for specific denoising intervals or prompt types.

Yet, further improvements can be achieved by incorporating weight sharing and model

merging techniques. Currently, the experts in our framework have distinct architectures

and are trained independently for their specialized tasks. Future research could explore

methods to reduce the parameter count of the mixture of experts, either by introducing

regularization terms to limit the overall number of parameters or by leveraging weight-

sharing and model-merging strategies to minimize memory costs without compromising

performance.

Third, on the visual recognition front, our framework could be extended to jointly

prune both the vision and language backbones of modern vision-language models. These

models hold immense potential for real-world applications such as robotics and autonomous

vehicles, where computational efficiency is critical. By reducing the deployment cost of

vision-language models, this line of research could unlock significant economic and societal

benefits, paving the way for broader adoption in diverse industries.
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[133] Kristof Schütt, Pieter-Jan Kindermans, Huziel Enoc Sauceda Felix, Stefan Chmiela,
Alexandre Tkatchenko, and Klaus-Robert Müller. Schnet: A continuous-filter con-
volutional neural network for modeling quantum interactions. Advances in neural
information processing systems, 30, 2017.

[134] Martin Simonovsky and Nikos Komodakis. Dynamic edge-conditioned filters in con-
volutional neural networks on graphs. In Proceedings of the IEEE conference on
computer vision and pattern recognition, pages 3693–3702, 2017.

[135] David W. Romero, Anna Kuzina, Erik J Bekkers, Jakub Mikolaj Tomczak, and Mark
Hoogendoorn. CKConv: Continuous kernel convolution for sequential data. In Inter-
national Conference on Learning Representations, 2022. URL https://openreview.

net/forum?id=8FhxBtXSl0.

[136] Kyunghyun Cho, Bart van Merrienboer, Dzmitry Bahdanau, and Yoshua Bengio. On
the properties of neural machine translation: Encoder-decoder approaches. In Dekai
Wu, Marine Carpuat, Xavier Carreras, and Eva Maria Vecchi, editors, Proceedings
of SSST@EMNLP 2014, Eighth Workshop on Syntax, Semantics and Structure in
Statistical Translation, Doha, Qatar, 25 October 2014, pages 103–111. Association
for Computational Linguistics, 2014. doi: 10.3115/v1/W14-4012. URL https://

aclanthology.org/W14-4012/.

[137] Alireza Ganjdanesh, Shangqian Gao, and Heng Huang. Interpretations steered net-
work pruning via amortized inferred saliency maps. In Shai Avidan, Gabriel Brostow,
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[333] Yoshua Bengio, Nicholas Léonard, and Aaron Courville. Estimating or propagating
gradients through stochastic neurons for conditional computation. arXiv preprint
arXiv:1308.3432, 2013.

[334] Kyunghyun Cho, Bart van Merrienboer, Çaglar Gülçehre, Dzmitry Bahdanau, Fethi
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