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Abstract

In computer vision, a key goal is to obtain visual representations that faithfully

capture the underlying structure and semantics of the data, encompassing object

identities, positions, textures, and lighting conditions. However, existing methods

for un-/self-supervised learning (SSL) are restricted to untangling basic augmenta-

tion attributes such as rotation and color modification, which constrains their ca-

pacity to efficiently modularize the underlying semantics. In the thesis, we propose

DiffSiam, a novel SSL framework that incorporates a disentangled representation

learning algorithm based on diffusion models. By introducing additional Gaussian

noises during the diffusion forward process, DiffSiam collapses samples with similar

attributes, intensifying the attribute loss. To compensate, we learn an expanding

set of modular features over time, adhering to the reconstruction of the Diffusion

Model. This training dynamics biases the learned features towards disentangling

diverse semantics, from fine-grained to coarse-grained attributes. Experimental

results demonstrate the superior performance of DiffSiam on various classification

benchmarks and generative tasks, validating its effectiveness in generating disen-

tangled representations.
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Chapter 1

Introduction

1.1 Background and Motivation

In computer vision, a key goal is to obtain visual representations that faithfully

capture the underlying structure and semantics of the data, encompassing object

identities, positions, textures, and lighting conditions. As emphasized in various

studies [3–5], this representation should enable not only effective sample infer-

ence tasks such as image classification but also the generation of counterfactual

instances, such as synthesizing images with unseen combinations of attributes [6].

Un-/self-supervised learning (SSL) has emerged as a promising approach for learn-

ing powerful visual representations. The principle of SSL involves initially train-

ing a universal feature representation, commonly termed a network backbone, by

training on pretext tasks like contrastive learning [7, 8]. While SSL methods have

impressed with their strong performance on typical tests and even outperformed

supervised approaches in different practical applications, it’s important to note

that the features they learn are primarily drawn from manually designed augmen-

tations [4], like altering colors or rotating images. This focus on specific augmen-

tation limits their potential to grasp a wider array of diverse representations.

To address this limitation and push the boundaries of self-supervised learning, we

propose a novel SSL framework called DiffSiam, which incorporates disentangled

representation learning using diffusion models.

1



2 1.1. Background and Motivation

Diffusion Probabilistic Models (DM) [9, 10] have proven to be highly effective in

preserving all underlying attributes for faithful generation [11, 12], even allowing

for the synthesis of novel attribute combinations through textual control. This

suggests that DMs successfully capture the modular nature of hidden attributes

[13]. It motivates us to study the potential algorithm to extract representations

from DM. However, since DMs lack explicit encoders that transform samples into

feature vectors, the conventional encoder-decoder feature learning paradigm, which

relies on reconstruction, is no longer applicable [14–16].

Is it possible to extract the knowledge about the modular attributes from a gen-

erative Denoising Diffusion Probabilistic Model (DM) into a discretized feature

vector? Our key observation is the relationship between diffusion time-steps and

the loss of modular attributes. This insight arises from analyzing the loss of at-

tributes throughout the diffusion process. Initially, we have an original image sam-

ple, x0, encompassing all information about the visual properties, or attributes,

of objects in the image. As we initiate the diffusion process, Gaussian noise

N (0, I) is incrementally added to this sample across T diffusion time-steps. This

gradual addition of noise begins to remove some of the image attributes, lead-

ing to a series of increasingly noisy samples x1,x2, . . . ,xT . Each noisy sample

at a middle time-step xt (where 1 ≤ t ≤ T ) aligns with a Gaussian distribution

q(xt|x0) = N (xt;
√
ᾱtx0, (1− ᾱt)I). As the diffusion process ends up with xT , the

image transforms into standard Gaussian noise, which signifies the complete loss of

visual attributes of the original image. This inherent relationship between diffusion

time-steps and the loss of modular attributes could serve as an inductive bias for

self-supervised learning.

The proposed DiffSiam introduces additional Gaussian noises during the diffusion

forward process, intensifying the attribute loss. To compensate, we learn an ex-

panding set of modular features over time, adhering to the reconstruction of the

Diffusion Model. This training dynamics biases the learned features towards dis-

entangling diverse semantics, from fine-grained to coarse-grained attributes.

Drawing inspiration from previous works [2, 17], we take advantage of a pretrained

DM to help representation learning. In these models, an encoder fω paramaterized

by ω is trained atop DM using reconstruction loss to process x0. To achieve accurate

reconstruction, the feature vector z = fω(x0) has to compensate for the loss of

attributes, thereby forming associations between z itself and semantic attributes.
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Figure 1.1: Illustration of the lost attributes in the diffusion forward process.
The DM is pretrained on CelebA [1], from which we randomly draw an original
image x0 (a woman’s face). Applying diffusion forward process, we get noisy
samples at various timestep (t4 > t3 > t2 > t1). The reconstructed x0, denoted
as x̂0, from noisy samples reflects the lost attributes in different time-step.

Moreover, we observe a pattern while losing attributes in the diffusion process. To

illustrate, in Figure 1.1, fine-grained attributes (like eyes) get lost at earlier diffusion

time-steps, whereas coarse-grained attributes (like hairstyle, gender) at later time-

steps. Our framework is designed to disentangle these attributes at varying levels

of granularity, by utilizing distinct subsets of the feature vector for reconstruction.

Granularity is quantified by the amount of pixel-level changes. To this end, feature

vector z is divided into disjoint subsets, with each subset dedicated to learning the

attributes lost within a particular range of time-steps. This methodology enables

the encoding of an image’s attributes into a modular vector space.

Our experimental results demonstrate the superiority of DiffSiam on various classi-

fication benchmarks and generative tasks, outperforming baseline methods in sev-

eral settings. Furthermore, DiffSiam enables counterfactual generation on datasets

like FFHQ and Bedroom, validating its effectiveness in producing disentangled

representations.

1.2 Contributions

Our contributions can be stated as follows:



4 1.3. Outline of the Thesis

• We propose to leverage the inductive bias between the diffusion time-steps and

the underlying hidden attributes for unsupervised disentangled representation

learning.

• We present a novel SSL framework called DiffSiam, incorporating the diffusion

models into standard SSL network, SimSiam [18].

• Through extensive demonstrations, we show that our algorithm outperforms

baseline approaches on various classification benchmarks and generates sam-

ples of significantly higher quality in tasks like counterfactual generation and

attribute manipulation.

1.3 Outline of the Thesis

The structure of the thesis is as follows:

Chapter 1 introduces the background and motivation of the thesis: it recognizes

the limitation of un-/self-supervised representation learning and briefly discusses

how the proposed approach based on the inductive bias inherent in diffusion models

may help achieve disentanglement.

Chapter 2 systematically reviews the concepts, techniques and tasks related to

our proposed methods: the approaches and evaluation protocols of self-supervised

learning, the definitions and techniques of disentangled representation learning and

the works related to representation learning with diffusion models.

Chapter 3 starts from the formulation of some techniques our approach will use.

Building upon this foundation, we present our unsupervised disentangled represen-

tation learning approach, named DiffSiam.

Chapter 4 presents the experimental setup and presents a comparative analysis of

the results obtained using our approach and baseline methods. We specifically focus

on evaluating the performance of our approach in tasks like many-shot classifica-

tion, few-shot classification, counterfactual generation and attribute manipulation.

Chapter 5 summarizes the contributions of our work. Furthermore, we identify po-

tential future research directions for advancing unsupervised representation learn-

ing with diffusion models, emphasizing enhancing disentangled properties and ex-

ploring improved diffusion frameworks.



Chapter 2

Literature Review

In this chapter, we review the techniques of self-supervised learning (Section 2.1),

disentangled representation learning (Section 2.2) and diffusion models (Section

2.3) related to our proposed methods.

2.1 Self-Supervised Learning

In real-world scenarios, the limited availability of labeled data poses a signifi-

cant challenge for various tasks, such as medical image segmentation. Un-/self-

supervised learning (SSL) of image representations offers a promising solution to

address this issue. By formulating pretext tasks based on unlabeled inputs, SSL

learns general features about the data, which can then be leveraged for downstream

tasks like classification or segmentation. Early progress in SSL explored diverse pre-

text tasks, including colorization of greyscale images [19], solving a jigsaw puzzle

[20], predicting the ego-motion of a camera from multiple frames [21]. In the con-

temporary landscape, SSL methods have seen substantial advancements, fueled by

large datasets like ImageNet [22] and high-memory GPUs. These methods primar-

ily focus on maintaining invariance to heavy data augmentations, allowing them

to extract robust and informative representations.

5



6 2.1. Self-Supervised Learning

We will present an overview of popular SSL approaches (Section 2.1.1), followed by

an exploration of evaluation protocols employed to assess their performance (Sec-

tion 2.1.2). Finally, we summarize our review with a discussion on the limitations

of current SSL approaches and their relevance to our research study (Section 2.1.3).

2.1.1 Approaches

According to whether there are negative samples, the SSL method can be roughly

divided into two categories: contrastive and non-contrastive ones.

Contrastive methods

Contrastive methods bring together embeddings of different views (positive sam-

ples) of the same image (anchor) while pushing away the embeddings from different

images (negative samples). The major challenge is to deal with the large number

of negative samples. To model the underlying continuous feature space, we need

to model the space with negative samples as much as possible under the constraint

of storage and computational cost to process the large number of samples at the

same time. Thus, a series of contrastive approaches were proposed. They either

use external data structure [23, 24], clustering, or end-to-end learning with large

batch size [8] to deal with the substantial need for negatives.

[23] proposes to store feature representations of all samples in a dictionary, or

memory bank. In order to tackle the difficulty of computing the similarity to all the

samples in the memory bank, they adapt noise-contrastive estimation (NCE) [25] to

the problem, so that they can optimize a part of the memory bank in each training

iteration. NCE addresses the multi-class classification challenge by breaking it

down into a series of binary classification tasks. In these binary classifications, the

goal is to discriminate between the distribution of genuine data and the distribution

of fabricated noise. In contrastive SSL, the genuine data is positive samples defined

by the pretext tasks. The noise distribution is by contrast the negative sample

pairs. The normalizing constant of the data distribution is estimated via Monte

Carlo approximation. Due to oscillations caused by random sampling during the

learning process, [23] introduces a momentum term into the objective function to

promote smoother training dynamics.
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While the memory bank introduced by [23] is capable of accommodating a large

dictionary size, it has the drawback of containing keys from various encoders across

the previous epoch, resulting in inconsistency. To address this issue, MoCo [24]

introduces a momentum encoder as an alternative regularization technique. It

employs a high momentum, typically set to a default value of 0.999. The higher

momentum works better to ensure the consistency of the representations of keys.

Additionally, it employs a queue structure to store multiple negative samples from

preceding batches. The queue size is much smaller than the dataset, typically set

to 65536 for the 1.2 million ImageNet dataset. Leveraging the properties of the

queue, the current mini-batch is enqueued into the dictionary, while the oldest

mini-batch in the queue is removed. The keys encoded from the oldest mini-batch

are the least consistent with the most recent ones, making them outdated.

SimCLR [8] takes a different approach from constructing offline negative sample

storage. Instead, it utilizes in-batch negatives during end-to-end optimization. The

two views of the same image are generated through a combination of augmentations

like cropping, resizing, and color jittering. Following encoding using a shared

encoder, SimCLR utilizes a projector to convert the initial embeddings into an

alternate space, where a contrastive loss is applied between the distinct views.

Importantly, performance improvements in subsequent tasks have been attributed

to the projection following the feature extractor. And the good performance also

relies on the combination of random cropping and random color distortion.

Further reducing the computational cost of contrasting a large number of pairwise

features, SwAV [26] proposes to contrast between prototypes, or clusters. It first

forms target codes by mapping representations from two augmented views of the

input to the prototypes. Then the two target codes are predicted to each other.

Moreover, SwAV proposes an effective augmentation technique named multi-crop

without imposing additional memory or computational burdens during training.

Multi-crop involves incorporating low-resolution crops alongside higher-resolution

crops of the image, enabling the model to capture both local and global features.

Notably, SwAV, when trained with 3000 prototypes, demonstrates competitive

performance with SimCLR [8] on the ImageNet dataset.

Non-contrastive methods
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While negative pairs in contrastive SSL methods provide constraints to prevent

mode collapse, they often need careful treatments, such as large batch sizes [8, 27],

memory banks [7, 23] or some hard-negative mining algorithms [28, 29].

Non-contrastive methods are proposed to remove the need for explicit negative

pairs. They either rely on architectural design [18, 30] or regularization of the

covariance of the embeddings [31–33] to avoid the trivial constant solution to the

SSL without negatives.

BYOL [30] reformulates the discrimination problem between similar and dissim-

ilar pairs into a prediction problem. It trains two branches of networks, using

one branch (online) to predict the other branch’s (target) feature of another aug-

mented view of the same image. The training objective does not explicitly include

a negative term that would encourage its features to spread apart. However, the

representation does not collapse. It is hypothesized in BYOL that the avoidance

is due to the combination effect of the predictor layer and the momentum encoder

(online branch of the network).

SimSiam [18] also removes the negative sample pairs and it further challenges the

necessities of the momentum encoder shown to be necessary in [30]. Based on

empirical evidence, SimSiam establishes that the avoidance of mode collapse is

brought by the utilization of the stop-gradient mechanism.

Barlow Twins [31] proposes an objective function to avoid the mode collapse. It

calculates the cross-correlation matrix between the embeddings of two identical

networks, both fed with distinct distorted iterations of a batch of samples. The

goal is to converge this matrix toward the identity matrix. This process enhances

the resemblance between embedding vectors of the distorted sample versions, con-

currently minimizing redundant elements within these vectors.

2.1.2 Evaluations

The evaluation of self-supervised learning (SSL) methods is crucial to understand-

ing their performance and effectiveness in learning meaningful representations with-

out explicit labels. While image classification has been the traditional benchmark

for evaluating SSL, recent advances have explored other vision tasks like object de-

tection and semantic segmentation. One of the most popular evaluation methods
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for SSL is linear-probing evaluation, introduced by [19, 34]. This strategy en-

compasses training a linear classifier atop the pre-trained feature representations,

offering a straightforward yet impactful method to evaluate the learned features’

quality. The frozen backbone is followed by a linear classifier in the form of a final

layer. The parameters of this classifier are fine-tuned over a number of epochs. The

success of this method lies in its efficiency, ability to mimic practical use cases, and

reliance on high-quality representations.

Despite classification tasks often serving as the evaluation protocol in SSL, there

has been increasing interest in exploring the benchmarks like semantic segmen-

tation and object detection [32, 35, 36]. The main challenge lies in the lack of

standardized evaluation protocols for these scenarios. There are varied methods

available, including adjusting the encoder for downstream tasks or utilizing the

encoder as a feature extractor. Creating a unified assessment framework for these

objectives within the domain of self-supervised learning undergoes active research.

An alternative evaluation method involves analyzing the information contained

within the learned representations. One approach is to employ a decoder that

can map the representations back to pixel space. While some methods [37] come

equipped with a specific decoder for visual analysis, many SSL methods do not. [38]

deals with it by putting forward a conditional generative diffusion model, utilizing

SSL representations as conditioning factors. This allows the examination of infor-

mation that remains constant across different generated samples and information

that exhibits variance due to the generative model’s stochasticity. By interpreting

the variance in generated samples, valuable insights into the content of the rep-

resentations can be gained. For instance, if a representation encodes fine-grained

pixel information, the generative model should reconstruct images with minimal

variation. On the other hand, if the representation primarily encodes class informa-

tion, generated samples will maintain the object’s class while exhibiting variations

in background, context, or color.

In conclusion, evaluating self-supervised learning methods involves a range of tech-

niques, including linear-probing evaluation for image classification, exploring other

vision tasks, and utilizing generative evaluation for visual analysis. Standardiza-

tion of evaluation protocols remains to be explored for further understanding the

quality and utility of learned representations.
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2.1.3 Discussions

To wrap up, most self-supervised learning (SSL) recent approaches are mainly

composed of contrastive methods and non-contrastive ones. Evaluating SSL meth-

ods involves a range of techniques, including linear-probing evaluation for image

classification, exploring other vision tasks, and utilizing generative evaluation for

visual analysis. Open research questions remain regarding the theoretical view

of SSL, generalization guarantees, and robustness to adversarial attacks. Current

methods are only capable of separating basic augmentation elements, making them

struggle to effectively exploit other diverse semantics. Our proposed method in-

tegrates disentangled representation within SSL to demonstrate the constraints

of existing approaches. The simplicity of SimSiam [18] and its ability to achieve

competitive performance with fewer computational resources make it an attractive

self-supervised learning approach. Therefore, we choose it as the baseline approach

in our study.

2.2 Disentangled Representation Learning

Disentanglement is a challenging objective in the domain of representation learn-

ing, developing models that can exploit the underlying generative and interpretable

factors within data. By achieving this, models are expected to offer valuable con-

tributions to downstream tasks. For instance, in the context of a disentangled rep-

resentation of a handwritten digit image, individual dimensions may correspond to

distinct attributes, such as colors, digit types, widths, slants, etc. Leveraging such

knowledge about the attributes and concepts is able to improve the robustness and

precision of downstream tasks, including classification and recognition.

This section reviews disentangled representation learning, which is about the un-

derlying modular hidden attributes in data generation. We first present the defini-

tions and properties of disentanglement, as well as the main approaches employed

in unsupervised disentangled representation learning. Finally, we conclude the

challenges faced in this field and emphasize the connection between our work and

unsupervised disentangled representation learning, showcasing what our research

contributes.
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2.2.1 Definitions and Properties

Initially, researchers are limited to disentangling the variational factors inside some

toy datasets with known ground truth generative processes. It was unclear how to

extend these notions to more complex real-world scenarios.

However, [39] sheds light on the concept of disentangled representations and em-

phasizes three crucial properties they should exhibit. By striving to achieve mod-

ularity, compactness, and explicitness, the pursuit of unsupervised learning aimed

to automatically discover and disentangle the generative factors of the samples.

• Modularity: each latent dimension is confined to encode no more than a

single generative factor.

• Compactness: each generative factor is supposed to be encoded by some

latent dimension.

• Explicitness: the latent representation must encompass all generative factors

and enable their decoding through linear transformations, wherein linearity

imposes a stricter requirement.

Building on these fundamental insights, the group-theoretic viewpoint emerged

as a promising direction in understanding disentangled representations. It was in-

spired by the notion that various transformations observed in the real world could

be perceived as symmetry transformations, thereby forming symmetry groups. In

this context, Higgins [5] introduced a definition that explicitly connected disen-

tangled representations to the symmetry group. Such a definition requires the

group action on the symmetry group to be equivariant to the action in the space

where disentangled representation lies in. In pursuit of practical applications, [4]

presented an iterative algorithm to learn the representation through invariant risk

minimization, accompanied by a theoretical assurance of convergence to a fully

disentangled representation. Simultaneously, [40] involves encoding data varia-

tions with groups, a structure that not only can equivariantly represent variations

but can also be adaptively optimized to preserve the properties of data variations.



12 2.2. Disentangled Representation Learning

Subsequently, researchers [41] sought to formalize the disentangled representation

properties from an information-theoretic viewpoint, aiming to design appropri-

ate training objectives and evaluation metrics. By evaluating the disentangled rep-

resentations’ informativeness, separability, and interpretability concerning ground

truth factors, they endeavored to quantify the extent to which a representation

achieves full disentanglement.

From an information-theoretic viewpoint, the concept of “fully disentangled” is

defined concerning a human-interpretable factor yk rewriting representation zi to

be fully separable (from z̸=i) and fully interpretable w.r.t yk. Mathematically, this

condition is expressed as: I(zi, z̸=i) = 0 and I(zi, yk) = H(zi, yk). They quantify

three important properties:

• Informativeness constitutes a crucial aspect of disentanglement, referring to

the representation’s ability to faithfully capture and represent the underlying

data x. It is formulated as the mutual information between zi and x.

I(x, zi) =

∫
x

∫
z

pD(x)q(zi|x) log
q(zi|x)
qzi

dzdx. (2.1)

• Separability, on the other hand, deals with the independence between two

representations, two representations zi, zj are independent with respect to

the data x, is measured by the multivariate mutual information.

I(x, zi, zj) = 0. (2.2)

Futher, zi and zj are deemed independent if and only if I(zi, zj) = 0.

• Interpretability. However, obtaining informative and independent represen-

tations does not necessarily ensure human interpretability, as highlighted

by [42]. To achieve interpretability, it is essential to establish “full inter-

pretability” concerning a predetermined set of concepts y. This requires

I(zi, yk) = H(zi) = H(yk).

The information-theoretic perspective has provided a framework for evaluating dis-

entanglement quality in terms of informativeness, separability, and interpretability.
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Taking advantage of them, approaches using VAEs and GANs have been exten-

sively explored, showcasing their potential in effectively disentangling representa-

tions (Section 2.1.2).

2.2.2 Approaches

Here, we provide an overview of the approaches used with VAEs and GANs to

tackle disentanglement.

VAE-based Approaches

Variational Autoencoders [43] was found the ability to learn disentangled represen-

tation on simple datasets, particularly on simple datasets like MNIST [44]. Their

original objective is to maximize the (variational) evidence lower bound (ELBO),

consisting of the conditional logarithmic likelihood responsible for decoding the

data from the latents and the KL divergence reflects the distance between the

variational posterior distribution and the prior distribution of the latents.

To avoid posterior collapse, researchers have devised several additional regularizers

that can be incorporated into the original VAE objective. This has given rise to a

collection of VAE-based approaches [45–49].

VAE’s disentanglement on toy datasets comes from the KL term that imposes

independent constraints on the latents. To control the independence constraints,

β-VAE [45] introduces the loss weight β as the penalty coefficient before the KL

term. A larger penalty tends to increase the disentanglement while degenerating

the reconstruction quality. InfoVAE [46] incorporates mutual information as a

regularization term to guide the learning process.

GAN-based Approaches

In contrast to VAEs, GANs [50] take an adversarial learning approach to map

data samples into a structured and interpretable feature space. GANs consist

of two neural networks: a generator that creates synthetic data to mimic real

samples, and a discriminator that distinguishes between real data and generated

data. Through a two-player minimax game, GANs aim to find a balance where the

generator produces realistic samples that the discriminator finds hard to tell the

real ones from the fake ones apart.
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Unsupervised disentanglement based on GANs has seen advancements through

approaches like [51–54].

InfoGAN [51] introduces additional latent codes to control underlying factors while

promoting “informativeness” through optimizing the mutual information. Through

this process, it fosters the emergence of meaningful and interpretable latent factors,

enhancing the model’s ability to capture the underlying data variations effectively.

Although InfoGAN has shown advancements in enhancing sample quality, it falls

behind its VAE-based counterparts concerning disentanglement scores. InfoGAN-

CR [54] incorporates contrastive learning to design a regularizer that encourages

distinct changes in the learned representation. Elastic-InfoGAN [52] actively dis-

covers disentangled categorical representations even from imbalanced data.

2.2.3 Challenges

Unsupervised disentangled learning, which is a highly desirable approach for its

potential in understanding complex real-world concepts, remains to be explored

because it is complex to encode the diverse correlated concepts into separable

vectors. [42] proves that without the introduction of inductive biases, there is an

infinite number of solutions to disentanglement. These biases involve assumptions

about the structure inside datasets or the model. As we delve into the exploration

of unsupervised disentanglement, we identify several key challenges that require

further investigation, including dealing with real-world datasets, exploring diverse

learning paradigms, and investigating alternative models beyond VAEs and GANs.

To date, most VAE-based and GAN-based methods mainly focus on image gen-

eration tasks over simple synthetic datasets. The models struggle to disentangle

complex scenes. A more intriguing direction involves analyzing and experimenting

with more complicated datasets, reflecting the diversity and intricacy of real-world

scenarios. Moreover, while existing approaches predominantly center on VAEs and

GANs, there is great promise in exploring other potential models, such as diffusion

models, which could open new avenues for unsupervised disentangled representa-

tion learning. Our work contributes to unveiling one inductive bias by exploring the

diffusion time-step and showcasing its efficacy in image generation with complex

datasets like FFHQ [55] and Bedroom [56].
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2.3 Diffusion Models

Diffusion models attract great attention because they are easy to train and good

at generating high-quality and diverse samples. This popularity triggers the appli-

cations across diverse fields, such as Text-to-Image generation [12, 57–59], Video

generation [60–62], Text-to-3D generation [63–65], and Drug design [66]. We start

with an introduction to their fundamental formulation and development in Section

2.3.1, offering readers a thorough grasp of this influential technique. Subsequently,

we delve into two applications of diffusion models that are closely connected to our

work, specifically focusing on image manipulation and representation learning in

Sections 2.3.2 and 2.3.3.

2.3.1 Introduction

Inspired by an idea from non-equilibrium statistical physics, gradually converting

a distribution to another by a Markov chain, [9] firstly formalized diffusion models

and demonstrated their effectiveness. Their diffusion model consists of two Markov

chains. The former is designed to turn the data distribution into a prior distri-

bution, such as a normal Gaussian or an independent binomial distribution). The

latter is to learn a Markov chain defined by deep neural networks. Then start-

ing from the prior distribution, this process is able to generate new data points

with superb diversity and quality. However, their resulting sample quality is some-

what poor. Several years later, until Denoising Diffusion Probabilistic Models [67]

appeared did the diffusion models produce exceptional image samples, with some

modifications such as adopting Unet [68] as the backbone, fixed variance schedules,

etc. Thanks to the two works, we witnessed an explosion of diffusion-based works

thereafter.

2.3.2 Image Manipulation with Diffusion Models

Image manipulation involves generating a target image from a given image and a

descriptive text containing instructions for desired changes, such as adding lipstick

or glasses to a person’s face. This task is increasingly popular for its potential
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applications in image editing software. Researchers have explored several categories

of approaches to image manipulation using diffusion models.

The first category involves unconditional diffusion models, where conditional in-

formation is incorporated either through fine-tuning [69] or classifier guidance [70].

They mainly employ CLIP [71] as the bridge between the descriptive text and gen-

erated image. The second class emerged with the introduction of Latent Diffusion

[57], which is trained with conditional information but utilizes classifier-free guid-

ance [72]. These approaches employ algorithms such as attention maps [73, 74] or

text embeddings [75–77] to manipulate images. Here we will focus on introducing

several classic works related to the former mainstream approach, as our work is

also based on unconditional diffusion models.

[78, 79] utilize the gradients from CLIP [71] as the classifier to shift the noise

along the generation process. By matching noisy images with target text during

the reverse process, they manipulate the resulting images without modifying the

pre-trained unconditional diffusion models.

DiffusionCLIP [69] proposes a direct fine-tuning approach for diffusion models

guided by CLIP [71]. Given an original image xref (e.g., an expressionless face),

its paired textual description yref (e.g., “face”), and a textual description ytar for

the edited image with the desired attribute (e.g., “an angry face”), DiffusionCLIP

aims at generating an image satisfying: 1) aligning with the attribute described in

ytar (e.g., alter the expression to appear angry). 2) except the attribute in ytar, the

generated image xtar should maintain other attributes in the original image xref

(e.g., retain the characteristics of the hair, nose, etc.).

To achieve this, the approach is carried out in two aspects. Firstly, they use the

supervision signal from CLIP with two losses. The global loss tries to minimize the

cosine distance between xtar and ytar in the CLIP space. The local CLIP directional

loss [80] induces the direction between the embeddings of the xref and xtar to be

aligned with the direction between the embeddings of yref and ytar in the CLIP

space. Secondly, they find fine-tuning the diffusion model is more effective than

modifying the latent of the original image xref after diffusion inversion. Specifically,

the original image xref is firstly converted to the latent using DDIM inversion. Then

starting from the same latent, the diffusion model at the reverse path is fine-tuned,

manipulating the generated image xtar towards ytar.
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Additionally, Asyrp [70] discovered that changing the feature maps from the bottle-

neck layer of Unet could achieve desirable properties, such as homogeneity, linearity,

robustness, and consistency across timesteps, to accommodate semantic image ma-

nipulation. To achieve fine-grained manipulation direction, ChatFace [81] utilizes

a set of pre-defined text prompts and trains the manipulation directions with the

supervision of CLIP direction loss.

Despite the advantages of using CLIP for image manipulation, the main limitation

is that each fine-tuned model only works for one kind of editing instruction, i.e.

manipulating the image aligned with yref towards the image aligned with ytgt. Al-

though these approaches demonstrate robustness in handling unseen domain images

and benefit from highly optimized training schemes, the resulting manipulations

may still not always meet desired application standard.

2.3.3 Representation Learning with Diffusion Models

Diffusion models often lack inherent semantic meaning in their latent variables,

making them less suitable for representation learning, as emphasized by [82]. Rep-

resentation learning involves the process of discovering meaningful higher-level con-

cepts within data, such as identifying diverse topics in news articles, recognizing

facial features in human photographs, or uncovering clusters of related molecules,

all without explicit supervision.

To overcome this limitation and achieve a more meaningful latent code, DiffAE

[17] introduces an additional image encoder that explores a semantically rich space,

resulting in impressive capabilities for image inversion and reconstruction. After-

wards, PDAE [2] addresses the issue by training a gradient estimator functioned as

classifier guidance. It utilizes the information from compact representations of in-

put images to help reconstruction. This gradient estimator, denoted as G(xt, z, t),

simulates ∇xt log p(z | xt). Additionally, InfoDiffusion [83] enhances the DiffAE

[17] by incorporating a regularization term that helps increase the mutual infor-

mation between the latent features and the produced samples, thereby improving

the quality of the latent space.
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Unlike many existing methods, our approach focuses on exploring disentangled rep-

resentations with the additional encoder, which effectively captures interpretable

and higher-level variances within the data.
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Methodology

We start by formally defining disentangled representations that we seek. Each

sample x ∈ X in the image space X is generated from a hidden attribute vector

z ∈ Z in the vector space Z through a mapping Φ : Z → X (i.e., different

samples are generated by different attributes). We assume Z is decomposable. The

disentanglement can be seen as decomposing the space Z into several subspaces

Z = Z1 × . . . × ZN , where each Zi is called a modular attribute, as its value can

be locally intervened without affecting other modular attributes (e.g., changing

“expression” without affecting “gender” or “age”). A disentangled representation

is the mapping f : X → Z that inverses Φ, i.e., given each image x, f(x) recovers

the modular attributes as a feature vector z = [z1, . . . , zN ]. The properties and

common verification approaches are:

Linearity. A disentangled feature can be easily decoded using linear transforma-

tions, allowing for effective inference in downstream tasks. It is a common standard

to validate through linear classification protocol.

Modularity. Latent dimensions should encode diverse and modular generative

factors, such as object identities, positions, textures, and lighting conditions. It

could be verified through image manipulation. Given an input image x, we can

intervene on the i-th modular attribute using an editing vector gi, denoted as

gi ·x ∈ X (for example, increasing the smile in x). The process involves first map-

ping x to its corresponding latent representation z through the function f . Next,

we apply the editing vector gi to modify only the specific attribute zi (e.g., gi =

19
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smile) while leaving other attributes unchanged. Finally, the edited latent repre-

sentation z is fed into the function Φ for generating the modified output x. This

modular editing mechanism allows us to manipulate some individual attributes of

an image while maintaining the remaining attributes or structures of the image.

In what follows, Section 3.1 reviews the key components of our approach: DDPM

[67], DDIM inversion [84], classifier guidance [11] and SimSiam [18]. These com-

ponents serve as the building blocks for our model’s architecture. Section 3.2 de-

scribes the principle, algorithm, and design considerations of our proposed model.

The illustration of the overall architecture of DiffSiam can be found in Figure 3.1.

3.1 Preliminary

3.1.1 Denoising Diffusion Probabilistic Models

Denoising Diffusion Probabilistic Model [67] (DM) is a latent variable model. It

comprises a pre-defined forward encoding process, and a learnable reverse decoding

process.

The forward process is set as a Markov chain that gradually moves each sample

x0 from data distribution to the Gaussian distribution in the T -th time-step. It is

common to pre-define constant variance schedule β1, . . . , βT . They quantify how

much noise is added at each time-step along the forward process. The formula is:

q(x1:T |x0) :=
T∏
t=1

q(xt|xt−1), q(xt|xt−1) := N (xt;
√
1− βtxt−1, βtI). (3.1)

In convenience, the distribution of xt can be expressed with the initial sample x0

as:

q(xt|x0) = N (xt;
√
ᾱtx0, (1− ᾱt)I), where αt := 1− βt, ᾱt :=

t∏
s=1

αs. (3.2)

The reverse process pθ(xt−1|xt) is trained to approximate the posterior q (xt−1|xt, uθ(xt, t)).

The initial point of the reverse process is p(xT ) := N (xT ;0, I). Each pθ(xt−1|xt)

is computed in two steps: 1) Reconstruct x0 from xt with uθ(xt, t), where uθ is
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a learnable U-Net [68]. 2) Compute q (xt−1|xt, uθ(xt, t)), which has a closed-form

solution given by N
(
xt−1 | µ̃t (xt,x0) , β̃tI

)
:

µ̃t (xt,x0) =

√
ᾱt−1βt

1− ᾱt

x0 +

√
αt (1− ᾱt−1)

1− ᾱt

xt, β̃t =
1− ᾱt−1

1− ᾱt

βt (3.3)

The training objective is equivalent to minimizing the reconstruction loss produced

by the U-Net at any time-step t:

LDM = E
t,x0,ϵ

ᾱt

(1− ᾱt)2
∥x0 − uθ(

√
ᾱtx0 +

√
1− ᾱtϵ, t)∥2, (3.4)

where ϵ ∼ N (0, I) is a Normal Gaussian. For convenience, we formulate the U-Net

to predict denoised image x0 instead of the noise term ϵ as in DDPM [67].

3.1.2 DDIM Inversion

The denoising diffusion implicit model (DDIM) [84] represents a modified version

of DDPM that introduces a non-Markovian approach specifically in the training

and sampling step. The benefits of relaxing the assumption of DDPM into a

non-Markovian process are that 1) the sampling process becomes deterministic; 2)

sampling is able to use trained diffusion models off-the-shelf. Specifically, one can

generate xt−∆t from xt via:

xt−∆t√
αt−∆t

=
xt√
αt

+

(√
1− αt−∆t

αt−∆t

−
√

1− αt

αt

)
ϵ
(t)
θ (xt) (3.5)

It corresponds to an ordinary differential equation (ODE) after reparameterizing

(
√
1− α/

√
α) with σ and (x/

√
α) with x:

dx(t) = ϵ
(t)
θ

(
x(t)√
σ2 + 1

)
dσ(t) (3.6)

This suggests that we can utilize the forward process to obtain a latent representa-

tion capable of accurately reconstructing the original input image, which we refer

to as DDIM inversion. This property allows us to perform precise reconstruction,
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leveraging the inherent capabilities of the DDIM framework. By leveraging DDIM

inversion, we can achieve exact and faithful reconstruction of the input images.

3.1.3 Classifier Guidance

Classifier guidance is one of the techniques to add condition information into a

pre-trained unconditional diffusion model without retraining. It commonly guides

the reverse process with a gradient term of a trained classifier. Formally, during

reverse process, we now sample xt−1 from:

N
(
xt−1 | µ̃t (xt,x0) + sβ̃t∇xt log pϕ (y | xt, t) , β̃tI

)
(3.7)

For the deterministic sampling methods like DDIM, by using a score-based condi-

tioning trick adapted from [10], one can formulate the conditional sampling as

ûθ(xt, t) := uθ(xt, t)−
√
1− ᾱt∇xt log pϕ (y | xt) (3.8)

3.1.4 SimSiam

SimSiam [18] network involves utilizing two randomly augmented views, denoted

as t1(x0) and t2(x0), of the input image x0 as inputs, where t1 ∼ T1, t2 ∼ T2 are

two data augmentations. fω is the encoder network parameterizeed by ω, the pγ is

the predictor network parameterized by γ. SimSiam utilizes the siamese network

[85] to process the two views. SimSiam’s loss function is defined by:

LSimSiam (ω, γ) =

E(x0,t1,t2)

[
1

2
D(pγ (fω (t1(x0))) , fω (t2(x0))) +

1

2
D(pγ (fω (t2(x0))) , fω (t1(x0)))

]
(3.9)

D is the distance metrics formulated by:

D (p1, z2) = −
p1
∥p1∥2

·
z2
∥z2∥2

(3.10)
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As a baseline approach, we choose SimSiam due to its simplicity and competitive

performance with fewer computational resources.

3.2 DiffSiam

We observe that attributes with finer granularity, which result in fewer visible

changes at the pixel level, tend to be lost at earlier time-steps compared to at-

tributes with coarser granularity. This leads to two interesting groundings: 1)

Attribute loss is linked with the error of reconstructing x0 from the noisy xt. 2)

Increasing time-step t in the forward diffusion process causes an expanding cu-

mulative loss of attributes, with fine-grained attributes lost at a smaller t and

coarse-grained ones lost at a larger t.

These insights provide a strong inductive bias for unsupervised learning frame-

works:

1) Firstly, in models dealing with reconstruction (like autoencoders [86, 87]), a

common challenge is the loss of certain attributes or features in the reconstructed

output due to reconstruction errors. The inductive bias in this context refers to our

model’s inherent tendency or strategy to compensate for these errors. Specifically,

our encoder is trained in a way that it actively tries to compensate the recon-

struction error of the diffusion model, so that the feature vector inferred with the

encoder is able to capture semantic attributes of the input image.

2) Secondly, as illustrated in Figure 1.1, we observe that attributes with finer

granularity, which result in fewer visible changes at the pixel level, tend to be lost

at earlier time-steps compared to attributes with coarser granularity. Based on

this observation, our encoder is designed to use different subset of feature vector

to learn the attributes in different granularity. The inductive bias in this context

refers to our model’s inherent tendency to capture different semantic attributes

with separate dimensions of the feature vector.

These principles guide the proposed approach. As illustrated in Figure 3.1, our

model includes three parts: (1) a trainable encoder fω (trained to become a disen-

tangled representation) that maps each image (without noise) to a d-dimensional
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Figure 3.1: Architecture of our DiffSiam. On the left, we train a SimSiam
network and encode the image x0 to the representation with n segments. On the
middle, we break down the learning with Eq. (3.11) at each time -step. On the
right, we show the interal network design. We follow PDAE [2] for the decoder
design. x̂0 denotes the reconstructed x0 by the pre-trained DM.

feature z ∈ Rd, (2) a frozen DM U-Net uθ pre-trained using Eq. (3.4), and (3) a

trainable decoder gγ that maps z back to image space given t.

During training, the encoder does two things. The first thing is to follow the

conventional SimSiam training to learn representations that makes closer the two

augmentations of the input image x0. The training objective of SimSiam is given in

Section 3.1.4. The other thing is to prepare the latents for disentangled representa-

tion learning in the diffusion model. Given z = fω(x0), we evenly partition it into

n disjoint subsets {zi}ni=1 along the feature dimension. We construct a new repre-

sentation z̄k = [z1, . . . , zk,0, . . . ,0] (k ∈ [1, n]). The representation is only effective

within {zi}ki=1 by masking zk+1, . . . , zn as 0. Masking is used for maintaining the

independence between disjoint feature subsets. For example, when we train the

subset zk, we only want zk to learn the lost attribute at the current time-step,

so we need to mask other subsets zk+1, . . . , zn. Subsets z1, . . . , zk−1, although not

masked due to their essential fine-grained information helpful for reconstruction,

have their gradients detached to maintain the independence between them and zk.

This optimization strategy is discussed in Section 4.3.2.

For all the datasets and evaluation protocols, we use ResnNet-10 backbone as the

encoder. Regarding the number of subsets n, a small value might miss captur-

ing all the underlying attributes, while a larger value of n could lead to each zi

having a very small dimension, potentially lacking the capacity needed to capture
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any specific hidden attributes. In later experiments, we empirically partition the

representation z into 64 segments, i.e. n = 64.

Moreover, at each time-step t, we do additional k forward steps to the current

noisy image xt. Given that the noise scheduler gradually approximately converts

the input image into a pure Gaussian noise at timesteps T = 1000, increasing the

number of additional forward steps could introduce more diverse attribute loss. As

a result, we obtain the noisy image xt+k that has additional attributes being lost.

Then the diffusion objective requires z̄k to compensate for the reconstruction error

made by uθ. In other words, the diffusion model tries to reconstruct the ground

truth image x0 with x̂0 at each time-step t. We employ the decoder g parameterized

by ϕ to decode z̄k back to image space as gϕ(z̄k, t). The decoder design follows in

PDAE [2]. Specifically, the decoder trains the middle blocks, up-sample layers

and output blocks of the U-Net, and gets the input from the frozen U-Net encoder.

From the perspective of classifier guidance, the output of the decoder is to simulate

the gradient: ∇xt log pϕ (z̄k | xt, t).

The training objective requires z̄k to compensate for the information of attribute

loss by uθ at each time step, given by:

Ldiffusion = E
t,x0,ϵ,k

λt∥x0 −
(
uθ(
√
ᾱt+kx0 +

√
1− ᾱt+kϵ, t) + wtgϕ(z̄k, t)

)
∥2︸ ︷︷ ︸

Lk

, (3.11)

where λt, wt are time-step weight and compensate strength, which are fixed val-

ues computed from the variance schedule {βt}Tt=1, and we follow the settings in

PDAE [2]. k represents the count of additional forward steps introduced.

To see the effect of Eq. (3.11), we consider the following induction. We assume that

attributes of an image can be decomposed into N modular attribute Z1, . . . ,ZN

(e.g., expression, age, gender, etc.). When k = 1, only the subset z1 is used to

compensate for reconstruction error, hence z1 effectively captures a (fine-grained)

modular attribute Zi (i ∈ [1, N ])). Then when k = 2, the cumulatively lost

attributes correspond to Zi and Zj (j ∈ [1, N ], j ̸= i), and because z1 already

captures the attribute Zi, z2 is encouraged to further learn the attribute Zj to

minimize the reconstruction error. Eventually with a large enough k, xt+k gets
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closer to a pure noise and almost all attributes are lost. By the above induction,

{zi}ni=1 captures all the hidden attributes as modular features. In contrast, the

most related work PDAE differs from Eq. (3.11) by replacing g(z̄t) with g(z̄).

This means that PDAE uses the full-dimensional feature z to compensate for the

reconstruction error at all time-steps, which fails to leverage the inductive bias.

We show in Chapter 4 that this simple change leads to drastic differences in both

counterfactual generation and manipulation tasks.

Finally, the total loss can be written as, given Eq. (3.11) and Eq. (3.9):

L = Ldiffusion + LSimSiam (3.12)

Please refer to Algorithm 1 for the training algorithm.

Algorithm 1: DiffSiam Training

Input : Training data distribution q(x0), pre-trained DM uθ

Output: Trained encoder fω, decoder gϕ, predictor network pγ

Randomly initialize ω, ϕ, γ;

while not converged do

x0 ∼ q(x0);

z = f(x0);

Partition z into {zi}ni=1;

t ∼ Uniform(1, T − n);

ϵ ∼ N (0, I);

k ∼ Uniform(1, n);

xt+k =
√
ᾱt+kx0 +

√
1− ᾱt+kϵ;

z̄k = [z1, . . . , zk,0, . . . ,0];

L = Ldiffusion + LSimSiam;

Update fω, gϕ, pγ by minimizing L ;
return fω, gϕ, pγ

We highlight some design considerations with ablations in Section 4.3. We choose

an accumulative set of the latent dimension z to compensate for the lost attribute

information as time-step increases. We name it the Hierarchical DiffSiam. Specif-

ically, if we are going to do additional k forward steps to the current noisy image,

then we guide the reconstructed image with z̄k =
∑k

i=1 zk, i.e. the representa-

tion from the first k segments of z . We observe that the choice of accumulative
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representation learning improves the performance of classification tasks, especially

few-shot learning. It aligns with the intuition that late time-step introduces more

attribute loss so that it should be compensated with more dimensions of z. By con-

trast, employing a single segment zk to compensate the new attribute loss, named

as Sequential DiffSiam, falls short of disentangling features. Along with the choice

of Hierarchial DiffSiam, we experiment with detaching the gradient of z1, . . . , zk−1

to form z̄k, i.e., training only zk at time-step t while still using the information of

the first k segments. We find that it leads to improved disentanglement quality at

the cost of slower convergence.





Chapter 4

Experiments

4.1 Classification

Datasets and Settings

We use the pre-trained DDPM [67] on Cifar-10 [88] and train the encoder, decoder

on Cifar-10 with a learning rate of 0.05. Our Cifar-10 model was trained for 400k

iterations with a batch size of 128, taking about 1.5 days on an NVIDIA RTX

A6000.

We leverage the pre-trained Denoising Diffusion Probabilistic Model (DDPM) [67]

initially trained on the Cifar-10 dataset [88]. Subsequently, we further train the

encoder and decoder on the Cifar-10 dataset using a learning rate of 0.05. It takes

our Cifar-10 model about 400,000 iterations with a batch size of 128. Training

takes about 1.5 days on one NVIDIA RTX A6000.

After obtaining the trained encoder network, we add a linear layer atop the encoder.

We further fine-tune the linear layer for linear classification, many-shot recognition

and few-shot learning.

We report the Cifar-10 [88] linear evaluation performance. Also, we examined the

transferability of the representation through many-shot and few-shot classification

following [89, 90], and present the classification accuracies on Cars [91], Cifar-100

[88], DTD [92], Food [93], SUN [94]. Additionally, we report the average per-class

accuracies on Aircraft [95], Caltech [96], Flowers [97], Pets [98]. These datasets

29
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Method CIFAR10 Aircraft Caltech Cars CIFAR100 DTD Flowers Food Pets SUN Avg.

SimSiam 90.980 21.795 54.626 11.479 50.480 34.096 46.285 24.840 39.120 19.632 39.333

DiffSiam (Seq.) 90.710 27.307 57.467 15.769 56.500 33.670 55.433 28.824 43.504 23.280 43.246

DiffSiam (Hier.) 90.880 27.097 60.246 15.271 57.730 35.479 54.822 29.374 42.545 24.146 43.759

Table 4.1: Accuracy (%) of many-shot linear classification results using the encoder
learned on Cifar-10. We also include the Cifar-10 evaluation performance. The best
performance score is shown in bold.

vary in the size of training data (2,000-75,000 images) and category count (10-397

classes) .

4.1.1 Many-shot Recognition

Results We present our results and conduct a comparison with the SimSiam [18]

baseline method in Table 4.1. We see that: (a) DiffSiam, including Hierarchial and

Sequential architecture, brings consistent performance boosts on various datasets

that are slightly shifted from the domain of the dataset that the encoder is pre-

trained on. For example, It results in performance increases of 5.62% on Caltech

and 7.25% on Cifar100. This validates that our algorithm is better at captur-

ing higher-level and domain-agnostic features that are transferable across different

datasets. (b) Our approach achieves slightly lower results on the original pre-

trained dataset, CIFAR-10. It can be explained that CIFAR-10 is balanced and

structured with distinct class boundaries. On the other hand, the other datasets

we evaluated, like Aircraft, Caltech, Cars, have varying levels of complexity, class

imbalance, or intra-class variability, where our approach’s disentanglement makes

a bigger difference. The average score provides empirical validation that our ap-

proach enhances disentanglement in comparison to the conventional SSL method.

4.1.2 Few-shot Learning

A few-shot K-way C-shot image classification setting contains a collection of tasks,

often referred to as episodes. A single K-way C-shot episode is illustrated as:

suppose the entire training set contains N the total number of classes. In the

construction of each episode, we randomly choose K classes from N . Training

samples from the K classes are randomly chosen to form a support set and a

query set: (a) the support set contains K samples for each class; (b) the query

set is selected from the remaining instances within each class. We conducted a
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Method CIFAR10 Aircraft Caltech Cars CIFAR100 DTD Food Pets SUN

1
-s
h
o
t SimSiam 37.44±.34 31.72±.40 50.14±.51 27.95±.30 39.54±.42 31.95±.34 29.25±.30 35.45±.36 38.59±.39

DiffSiam (Seq.) 40.98±.34 33.52±.40 56.47±.52 28.79±.31 45.09±.43 34.25±.37 31.43±.32 37.70±.37 43.56±.41
DiffSiam (Hier.) 43.20±.35 33.89±.42 57.25±.53 29.10±.31 46.22±.45 34.59±.36 31.59±.32 38.13±.38 44.29±.42

5
-s
h
o
t SimSiam 70.48±.33 40.69±.49 74.55±.42 36.98±.38 64.58±.42 47.46±.39 43.08±.36 53.84±.40 62.81±.40

DiffSiam (Seq.) 70.66±.32 44.30±.50 78.27±.38 38.90±.39 68.15±.40 49.82±.40 44.99±.37 55.34±.39 66.01±.39
DiffSiam (Hier.) 74.05±.32 44.40±.51 79.11±.39 39.25±.38 69.34±.41 49.76±.41 45.22±.37 55.90±.40 67.28±.39

1
0
-s
h
o
t SimSiam 81.74±.27 44.03±.50 80.48±.35 41.54±.40 71.38±.39 53.25±.39 48.51±.36 60.21±.38 69.01±.37

DiffSiam (Seq.) 80.38±.27 48.09±.50 83.67±.32 43.87±.40 74.46±.38 55.46±.39 50.82±.37 61.89±.38 71.68±.36
DiffSiam (Hier.) 82.76±.26 48.32±.51 84.28±.32 44.31±.40 75.44±.37 55.28±.39 50.89±.36 62.28±.38 73.02±.36

Table 4.2: 5-way few-shot evaluation accuracies (%) using the Cifar-10 trained encoder.
Mean accuracy and standard deviation are reported from 2,000 episodes. Best perfor-
mance per dataset is highlighted in bold.

random sampling of 2,000 episodes from the test split of each dataset. Each episode

comprised n classes, with k samples for training and 15 samples for queries per class.

The linear classifier was subsequently fine-tuned with a frozen backbone across the

training samples over the course of 100 epochs.

In few-shot learning, a setup called a K-way C-shot image classification involves

tasks, often termed episodes. Suppose we have N classes in the entire training

dataset. For each episode, we randomly pick K classes from these N . We then

select C samples from each of these K classes to form a support set, and also pick

a certain number of samples from the remaining samples of the same class for a

query set. In our experiments, we set up a 5-way few-shot evaluation with shot

count C = 1, 5, 10. 2,000 episodes are sampled from the test dataset. Each episode

has 15 samples for queries per class. We then fine-tune the linear classifier using

the frozen backbone across the training samples for 100 epochs. Across methods

and datasets, the classifier is trained over 100 epochs with batch size 4. We utilize

the SGD optimizer with the initial learning rate as 0.01 and the parameter of

weight decay as 0.001. We evaluate the linear classifier on 15 query images for

each episode.

Results In Table 4.2, our DiffSiam method demonstrates substantial performance

improvement across the 5-way few-shot learning. This is because DiffSiam can

disentangle semantics more effectively than SSL approaches, which promotes the

generalizability of representations across diverse data distributions. This observa-

tion aligns with the research [99], which emphasizes the benefits of disentangled

representations, particularly in scenarios involving limited data (few-shot). It fur-

ther highlights the significance of disentanglement in enhancing performance across

downstream tasks.
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4.2 Generative Tasks

Datasets and Settings.

We adopted 3 training datasets: 1) Celebrity Faces Attributes (CelebA) [1] has 40

attribute labels per image, including various facial features and characteristics such

as smiling, wearing glasses, gender, etc. 2) Flickr-Faces-HQ (FFHQ) [55] comprises

70,000 human face images. 3) Bedroom is part of LSUN [56] containing about 3

million images, depicting bedrooms in a wide variety. We used the pre-trained DM

trained on FFHQ, CelebA, and Bedroom provided by.

Our model training utilizes PDAE’s [2] pre-trained DM. The model is trained for

290k iterations on CelebA, 500k iterations on FFHQ, and 540k iterations on Bed-

room, with a batch size of 128 consistent with PDAE. CelebA images were resized

to 64×64 while FFHQ and Bedroom images were resized to 128×128. We employ

the Adam optimizer with a learning rate of 1e−4. To train our DiffAE model, we

employed four NVIDIA A100 40GB with batch size 32 per device. Training on

the FFHQ and Bedroom datasets generally requires approximately 5 days, while

training on CelebA takes around 1 day.

4.2.1 Counterfactual Generation

Our objective is to create counterfactual images by interpolating a subset S of the

n modular attributes. For a given image pair x0 and x′
0, we utilize DDIM inver-

sion [84] through the pre-trained DM to derive the DDIM-inversed counterparts xT

and x′
T . The modular attributes z = {zi}ni=1, z

′ = {z′i}ni=1 are obtained by encoding

x0 and x′
0 using the function f .

To generate counterfactuals for x0, we initiate the process from the noisy sample

Slerp(xT,x
′
T;λ)—employing spherical linear interpolation [100] of xT and x′

T with

scale λ. Subsequently, we execute DDIM sampling, guided by g(lerp(z, z′,S;λ), t),
where only linear interpolation (lerp) is performed with scale λ on the subset

S of z, leaving the values of other modular attributes unchanged. The process

for generating counterfactuals for x′
0 follows a similar procedure. Please refer to

Algorithm 2.
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Algorithm 2: Counterfactual generation from x0 to x′
0 on subset S with scale

λ
Input : x0, x

′
0, subset S ⊂ {1, . . . , k}, scale λ, pre-trained uθ, trained

encoder fω and decoder gϕ, sampling sequence {ti}Mi=1 where t1 = 0

and tM = T

Output: A counterfactual image for x0

Compute xT ,x
′
T for x0,x

′
0 with DDIM inversion, respectively;

z = fω(x0), z
′ = fω(x

′
0);

Partition z into {zi}ni=1, z
′ into {z′i}ni=1;

zS ← lerp(z, z′,S;λ), i.e., perform linear interpolation on all zi, i ∈ S;
xT ← slerp(xT ,x

′
T ;λ);

for i = M, . . . , 2 do

x̂0 = uθ(xti , ti) + wtgϕ(zS , ti);

xti−1
← √ᾱti−1

x̂0 +

√
1−ᾱti−1 (xti−

√
ᾱti x̂0)√

1−ᾱti

;

return x0

Results on FFHQ. In Figure 4.1, we show counterfactual generations on FFHQ

with different feature subsets. For each pair associated with a specific subset S, the
image at the top left and the bottom right corresponds to x0 and x′

0 respectively.

Starting from x0, counterfactual generation involves interpolation with x′
0 at three

different scales (1/3, 2/3, and 1), with the results arranged from left to right. The

same process is applied to x′
0, and the outcomes are presented from right to left.

Note that a scale of 1 signifies the replacement of feature values associated with

the subset S using those from the other sample. Empirically we found that the loss

is low on the late feature subset due to the design of time-step weight of DDPM.

Hence more feature subsets are grouped together to make more visible edits. Note

that the scale of 1 means the feature values corresponding to S is replaced with

those of the other sample.

We observe that interpolating subset 0-2 roughly corresponds to modifying “expres-

sion” attribute (e.g., center pair). Interpolating 0-4 and 0-6 additionally modifies

“mouth” attribute and “eyes” attribute, respectively. This shows that the learned

feature subspace Z1,Z2,Z3 corresponds to the three attributes, and can be com-

bined by Cartesian product, hence verifying our disentanglement quality. Subsets

6-10, 16-24, 24-32, 32-64 correspond to gradually coarser-grained attributes, “face

shape”, “face direction”, “hairstyle”, “decorations on the head”, respectively. This
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Figure 4.1: DiffSiam’s counterfactual generation results on FFHQ. For each
pair of images being interpolated, original images are positioned at the two
corners, and then interpolated within a designated subset of {zi}ki=1 to gradually
transition towards its counterpart with four scales (1/4, 2/4, 3/4 and 1). Each
row is the result of interpolating on a subset, with the subset range displayed on
the left.
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Figure 4.2: Comparisions on PDAE (top row) and DiffSiam (bottom row)’s
counterfactual generation results on Bedroom using 3 feature subsets. For each
image pair in each subset, the original images, x1

0,x
2
0 are positioned at the upper-

left and lower-right corners, and interpolated towards its counterpart in four
scales (1/4, 2/4, 3/4 and 1) respectively.

strongly validates that our DiffSiam learns modular feature (i.e., coarse-grained

attributes are lost later and captured by zi with a large i).

Bedroom Results We compare the counterfactual generation results between

PDAE and DiffSiam on three subsets in Figure 4.2. “Early”, “Middle”, “Late”

correspond to the subset 0-8, 8-16, 24-28 respectively. We observe that each subset
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Figure 4.3: Comparsions of PDAE (top row) and DiffSiam(bottom row)’s
interpolation results on FFHQ using all dimensions of the feature z.

controls some meaningful attribute in the image. Take the right column for ex-

ample, in the early subset, the overall color scheme is interpolated. Interpolating

the middle subset changes the shape of the end of the bed. x1
0 takes more red

from x2
0 with the increasing of the scale. On the other hand, x2

0 gets more brown

color when its scale increases. Interpolating the middle subset (8-16) changes the

texture of the quilt. Interpolating the late subset changes the background. x1
0’s

background changes from the glass window to the wall that x2
0 has. At the same

time, x2
0 changes the photo frame on the wall. Although PDAE also changes the

background in the late subset, it changes the texture in the quilt at the same time.

Full-dim Interpolation Results on FFHQ. We run the standard full-dim in-

terpolation experiments (i.e., interpolating the entire z instead of a subset) with

results in Figure 4.3. We highlight that our DiffSiam outperforms PDAE, e.g.,

more meaningful background changes, less artifact and more convincing intermedi-

ate results. This advantage can be attributed to the enhanced disentanglement and

preservation capabilities of DiffSiam’s representation, which contribute to generat-

ing higher-quality and more contextually consistent images during the interpolation

process.

Full-dim Interpolation Results on Bedroom. In Figure 4.4, we show the

interpolation results on Bedroom, where our DiffSiam (bottom row) outperforms

PDAE (top row) with less artifact. Note that Bedroom is especially challenging

for interpolation due to the large variations between images. Larger models and
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Figure 4.4: Comparsions of PDAE (top row) and DiffSiam (bottom row)’s
interpolation results on Bedroom using all dimensions of the feature z.

prolonged training can benefit the interpolation fidelity. We leave it as future work

as improving generation fidelity is not the focus of our work.

4.2.2 Attribute Manipulation

In modular manipulation, we use the attribute labels to train a linear classifier

that predicts a specific attribute. On CelebA [1], we use its 40 attribute labels

for training. On Bedroom [56], there are no ground-truth attribute labels. We

use pseudo-labels produced by an off-the-shelf attribute predictor [101] to train the

attribute classifier. In particular, we adopt probabilistic masking (ProbMask) [102],

a network sparsification method to constrain the classifier such that its weight has

only d′ non-zero dimensions, where d′ < d (e.g., d′ = 16 or 32 and d = 512). This

design is to test the modularity of the feature—a specific attribute (e.g., “Young”)

should be captured by the combination of a few modular attributes zi, but not all.

With the trained classifier for an attribute, to manipulate the attribute with scale λ

on a sample x0, we first obtain its feature z = fω(x0), then push z along the normal

vector of the decision boundary with certain scale λ, resulting in manipulated code

z′, and finally encode xT back to the manipulated image by the guidance of gϕ(z
′, t).

The process is summarized in Algorithm 3.
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Algorithm 3: Modular manipulation on x0 with a trained ProbMask classifier

and scale λ
Input : Original x0, manipulation scale λ, trained ProbMask classifier with

weight parameter w ∈ Rd, pre-trained DM uθ, trained encoder fω

and decoder gϕ, standard deviation σ of z in the entire training

dataset, sampling sequence {ti}Mi=1 where t1 = 0 and tM = T

Output: A counterfactual image for x0

Compute xT for x0 with DDIM inversion;

z = fω(x0);

z′ = z+ λσ ·w
∥w∥ ;

for i = M, . . . , 2 do

x̂0 = uθ(xti , ti) + wtgϕ(z
′, ti);

xti−1
← √ᾱti−1

x̂0 +

√
1−ᾱti−1 (xti−

√
ᾱti x̂0)√

1−ᾱti

;

return x0

CelebA Results. Results are shown in Figure 4.5, where our DiffSiam makes more

meaningful edits with fewer artifacts compared to PDAE. In particular, we use more

ProbMask dimension d′ = 128 for attribute “Wearing Hat”, as it corresponds to

larger edits that involve multiple modular attributes (e.g., shadows and forehead).

Bedroom Results We show the manipulation results on Bedroom in Figure 4.6

for four attributes: “indoor lighting”, “rusty”, “cluttered space” and “carpet”.

Pushing the latent code along the normal direction is able to change the specific

attribute in the image. For example, the room becomes much brighter and warm

when the scale increases in the positive direction, while it becomes colder and

dimmer in the negative direction. Note that here we only manipulate 32 dimensions

of the latent code, much fewer than the latent code z has, i.e., 512. It shows that

our mode learns a disentangled and compact feature. In contrast, the manipulated

images by PDAE often contain artifacts and have less meaningful edits, which

further validates that PDAE entangles all the attributes.

Full-dim Manipulation Results on CelebA. We run the standard manipula-

tion experiments (i.e., without ProbMask) with results in Figure 4.7. Our results

(bottom row) are on par or better than PDAE (top row), e.g., generating hat with
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PDAE DiffSiam (Ours)

Male

Mustache

Young

High
Cheekbones
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Hat
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Lipstick

+- +-

Figure 4.5: Comparsions of PDAE and DiffSiam’s modular manipulation re-
sults on CelebA. The center image in each group of 5 images corresponds to the
original image x0. We use d′ = 128 as the dimension of ProbMask on “Wearing
Hat” attribute and d′ = 16 for the rest.
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Indoor Lighting +- Indoor Lighting +-

PDAE DiffSiam (Ours)

Rusty +-Rusty +-

Cluttered Space +- Cluttered Space +-

Carpet +-Carpet +-

Figure 4.6: Comparsions of PDAE (left column) and DiffSiam (right column)’s
modular manipulation results on Bedroom. For both methods, we use ProbMask
to constrain the classifier weight such that it has d′ = 32 non-zero dimensions.
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0-64

Pale Skin

High 
Cheekbones

Wearing Hat +-

High Cheekbones +-

Pale Skin +-

Figure 4.7: Comparsions of PDAE (top row) and DiffSiam (bottom row)’s
manipulation results on CelebA using all dimensions of the feature z.

less artifact. This experiment is to demonstrate that DiffSiam still has the con-

ventional manipulation capability, and the aforementioned modular manipulation

experiments are more suitable to highlight our disentanglement quality.

4.3 Ablation Study

4.3.1 Hierarchial vs Sequential strategy

The illustration of two strategies is shown in Figure 4.8. When extending the cur-

rent noisy image by an additional k forward steps, Hierarchial DiffSiam guides the

reconstructed image with accumulated latent representation z̄k =
∑k

i=1 zk, while

Sequential DiffSiam only relies on the information from the current latent state

zk. We experiment with Hierarchial and Sequential architecture in classification

tasks. Upon revisiting the few-shot classification results in Tables 4.1 and 4.2,

the Hierarchical DiffSiam consistently outperforms datasets featuring fine-grained

categories, as seen in the cases of Caltech and SUN. These datasets require telling

apart visually similar categories for accurate classification. This emphasizes how
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(a) Hierarchical DiffSiam (b) Sequential DiffSiam

Figure 4.8: Comparsion between Hierarchial DiffSiam and Sequential DiffSiam.
At each step t + k, Hierarchial one (a) guides the reconstructed image with
accumulated latent representation z̄k =

∑k
i=1 zk, while Sequential DiffSiam (b)

only relies on the information from zk.

the hierarchical disentanglement strategy is helpful in uncovering important se-

mantic features that stand out from each other. Conversely, Sequential DiffSiam

struggles to utilize the semantic information within the latent space.

4.3.2 Optimization Strategy

DiTi-Detach

DiTi

0.0015

DiffSiam-Detach

DiffSiam

Figure 4.9: Training loss
of DiffSiam and DiffSiam
with detach optimiaztion
strategy.

Concerning the optimization strategy of Hierar-

chical DiffSiam, we experimented with detach-

ing the gradients of z1, . . . , zk−1 while guiding

the reconstructed image with accumulated la-

tents z̄k. Although this approach led to im-

proved disentanglement quality in the counter-

factual generation task, it also resulted in slower

convergence due to each zi being trained only 1
k

iterations. Figure 4.9 compares the loss in Eq.

3.11 by Hierarchical DiffSiam and Hierarchical

DiffSiam-Detach (i.e., detaching the gradients

of z1, . . . , zk−1) throughout training. The loss reduction of DiffSiam-Detach is

much slower as only 1
k
of the feature is trained at each iteration.

As future work, we will explore improved network design and other optimization

techniques to reap the benefits of DiffSiam-Detach strategy without hurting con-

vergence.



Chapter 5

Summary

5.1 Conclusion

We presented an un-/self-supervised disentangled representation learning algo-

rithm, leveraging the inductive bias provided by Denoising Diffusion Probabilistic

Model (DM)’s time-step. In particular, we observe an inherent connection be-

tween time-step and hidden modular attributes that generate data faithfully, i.e.,

each incremental time-step in the forward diffusion process induces additional at-

tribute loss, causing the failure of DM to reconstruct the original sample from

the noisy ones. Hence we learn an expanding set of modular features as time-

step increases to compensate for the cumulatively lost attributes by making up

for DM’s reconstruction error. Experimental results demonstrate superior perfor-

mance on various classification benchmarks. Moreover, the learned feature enables

counterfactual generation on CelebA, FFHQ and Bedroom datasets, validating its

disentanglement quality.

5.2 Limitations and Future Research

We’ll continue pushing forward unsupervised representation learning with diffusion

models with the following potential research directions.

• Representation Improvement: While our model shows promising results, the

learned representation can still be further improved. We empirically find that

43
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certain attributes in a relative large scale, such as the shape of the objects

and layouts of rooms, prove challenging to control solely through z. Instead,

it is xT that exhibits the ability to modify them. In order to achieve further

disentanglement of the image representation, future research efforts could

aim to develop a mechanism that enhances the dependency between these

two variables, ultimately merging them.

• Leveraging Stable Diffusion for Rich Semantic Information: Recently, stable

diffusion [57] is widely adopted in various generative tasks, revealing its su-

perb ability to encode rich semantic information and produce high-quality

images during decoding. Leveraging the substantial prior knowledge from

stable diffusion offers the potential to create a broader representation learn-

ers capable of encoding real-world concepts with enhanced performance.
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[15] Jeff Donahue, Philipp Krähenbühl, and Trevor Darrell. Adversarial feature
learning. arXiv preprint arXiv:1605.09782, 2016.

[16] Irina Higgins, Loic Matthey, Arka Pal, Christopher Burgess, Xavier Glorot,
Matthew Botvinick, Shakir Mohamed, and Alexander Lerchner. beta-vae:
Learning basic visual concepts with a constrained variational framework. In
International conference on learning representations, 2017. 2

[17] Konpat Preechakul, Nattanat Chatthee, Suttisak Wizadwongsa, and Su-
pasorn Suwajanakorn. Diffusion autoencoders: Toward a meaningful and
decodable representation. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, pages 10619–10629, 2022. 2, 17

[18] Xinlei Chen and Kaiming He. Exploring simple siamese representation learn-
ing. arXiv preprint arXiv:2011.10566, 2020. 4, 8, 10, 20, 22, 30

[19] Richard Zhang, Phillip Isola, and Alexei A Efros. Colorful image colorization.
In European conference on computer vision, pages 649–666. Springer, 2016.
5, 9

[20] Mehdi Noroozi and Paolo Favaro. Unsupervised learning of visual representa-
tions by solving jigsaw puzzles. In European conference on computer vision,
pages 69–84. Springer, 2016. 5

[21] Pulkit Agrawal, Joao Carreira, and Jitendra Malik. Learning to see by mov-
ing. In Proceedings of the IEEE international conference on computer vision,
pages 37–45, 2015. 5

[22] Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li, and Li Fei-Fei. Im-
agenet: A large-scale hierarchical image database. In 2009 IEEE conference
on computer vision and pattern recognition, pages 248–255. Ieee, 2009. 5



BIBLIOGRAPHY 47

[23] Zhirong Wu, Yuanjun Xiong, Stella X Yu, and Dahua Lin. Unsupervised
feature learning via non-parametric instance discrimination. In Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition, pages
3733–3742, 2018. 6, 7, 8

[24] Kaiming He, Haoqi Fan, Yuxin Wu, Saining Xie, and Ross Girshick. Momen-
tum contrast for unsupervised visual representation learning. arXiv preprint
arXiv:1911.05722, 2019. 6, 7

[25] Michael Gutmann and Aapo Hyvärinen. Noise-contrastive estimation: A new
estimation principle for unnormalized statistical models. In Proceedings of
the thirteenth international conference on artificial intelligence and statistics,
pages 297–304. JMLR Workshop and Conference Proceedings, 2010. 6

[26] Mathilde Caron, Ishan Misra, Julien Mairal, Priya Goyal, Piotr Bojanowski,
and Armand Joulin. Unsupervised learning of visual features by contrasting
cluster assignments. arXiv preprint arXiv:2006.09882, 2020. 7

[27] Yonglong Tian, Chen Sun, Ben Poole, Dilip Krishnan, Cordelia Schmid, and
Phillip Isola. What makes for good views for contrastive learning. arXiv
preprint arXiv:2005.10243, 2020. 8

[28] Chao-Yuan Wu, R Manmatha, Alexander J Smola, and Philipp Krahenbuhl.
Sampling matters in deep embedding learning. In Proceedings of the IEEE
international conference on computer vision, pages 2840–2848, 2017. 8

[29] Ben Harwood, Vijay Kumar BG, Gustavo Carneiro, Ian Reid, and Tom
Drummond. Smart mining for deep metric learning. In Proceedings of the
IEEE international conference on computer vision, pages 2821–2829, 2017. 8

[30] Jean-Bastien Grill, Florian Strub, Florent Altché, Corentin Tallec, Pierre H
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