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Visual generation problems often arise in regimes where the available observations are in-

complete or indirect. Inputs may capture only fragments of visual appearance, or omit the

intermediate processes that produced the final result, yet models are expected to synthe-

size outputs that are visually complete, coherent, and plausible. This setting places strong

demands on generative models, requiring them to infer missing information, integrate frag-

mented evidence, and reconstruct underlying structure or dynamics consistent with the

observed outcome.

This thesis investigates how pretrained diffusion models can be repurposed to address

visual generation tasks arising under partial or indirect observation. I study a set of rep-

resentative applications in which this tension manifests in different forms, spanning both

appearance reconstruction and process reconstruction. These include synthesizing complete

human appearance and motion from a small number of casually captured selfies, selectively

editing portraits while preserving fine-grained identity features, and reconstructing plau-

sible painting processes from a single finished artwork. Across these settings, the desired

outputs are visually complete, while the inputs provide only sparse, incomplete, or indirect

constraints.

Although recent diffusion models learn powerful visual priors through large-scale pre-



training, they are primarily designed for generic generation tasks such as text-to-image or

text-to-video synthesis, and are not directly suited to these partial-observation scenarios.

Mismatches in input structure, supervision, and data availability make naive fine-tuning

or prompt-based adaptation ineffective. This thesis addresses the central question: how

can pretrained diffusion models be repurposed to support novel visual generation tasks under

partial observation?

I explore repurposing strategies across different supervision regimes. In settings where

paired training data is unavailable, I develop methods that exploit weakly aligned obser-

vations or synthetically constructed supervision to enable appearance reconstruction from

fragmented inputs. In settings with limited but well-aligned paired data, I show that com-

posing multiple pretrained models into cascaded pipelines can amplify scarce supervision

and enable complex process reconstruction, such as inferring plausible sequences of painting

actions consistent with a final artwork.

Beyond pipeline-level design, the effectiveness of reconstructing visual appearance and

process also depends critically on the quality of visual priors learned during diffusion pre-

training. Stronger priors lead to more robust adaptation and higher generation quality

across tasks. This observation motivates the final part of the thesis, which explores re-

purposing at a more fundamental level. I propose AlignTok, a framework that repurposes

pretrained visual encoders as tokenizers for diffusion models, enabling diffusion to operate

in a semantically rich latent space. This design simplifies training and improves efficiency,

scalability, and generation quality, resulting in stronger visual priors that better support

downstream reconstruction tasks.
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Chapter 1

INTRODUCTION

Much of the visual world is never fully observed. Cameras glimpse only fragments of

a scene, sensors capture incomplete evidence, and the processes that give rise to visual

outcomes often unfold beyond our view. Yet visual generation systems are routinely asked

to produce results that appear complete, coherent, and intentional. This tension between

partial observation and complete visual synthesis lies at the heart of visual intelligence, and

addressing it requires generative models that can infer not only missing visual content, but

also the structure and dynamics of the processes that could plausibly have produced it.

Motivated by this gap between partial observation and complete visual synthesis, this

thesis investigates several representative visual generation applications in which this tension

arises in distinct forms. I first study total selfie (Fig. 1.1) and fit-check video generation,

where the available inputs are limited to a small number of casually captured selfies that

each observe only a fragment of a person’s appearance. The challenge in these settings lies in

inferring missing viewpoints, resolving inconsistencies across observations, and reconstruct-

ing a globally coherent and identity-preserving representation from sparse visual evidence.

I then consider feature-preserving portrait editing, where the input provides only partial

specification of the desired outcome: certain attributes are intended to change, while others

must remain unchanged. This requires reconstructing a complete image that selectively

modifies targeted factors while faithfully preserving fine-grained appearance details that

are not explicitly constrained. Finally, I examine Inverse Painting (Fig. 1.2), a setting in

which the observation is reduced to a single final artwork, while the sequence of intermediate

steps that produced it is entirely unobserved. Here, the task is to infer a plausible gener-

ative process—capturing ordering, layering, and incremental refinement—that is consistent

with the observed outcome. Together, these applications span both appearance and process

reconstruction, and collectively illustrate how partial or indirect observations impose fun-
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Input Selfies

Background

Two Examples of Total Selfie 

Automatic Target Pose Selection

Pose
Guidance

…

Reference for Target
Pose Selection

Figure 1.1: We generate full-body selfies of you (right), from self-captured images of your

face and body (top left) and background.

Input

Generated Painting Process (Sampled Keyframes)

Input

Figure 1.2: We present Inverse Painting, a diffusion-based method to generate time-lapse

videos of the painting process from a target painting. Images courtesy Catherine Kay

Greenup and Rawpixel.

damental challenges for generative models tasked with producing complete, coherent visual

results.
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Addressing these challenges requires generative models with strong visual priors and the

ability to infer missing structure from limited evidence. Recent years have witnessed re-

markable progress in visual generative models. Images and videos that once required hours

of careful manual creation can now be synthesized automatically from simple descriptions or

reference examples. In particular, diffusion models trained on large-scale image and video

datasets have demonstrated an unprecedented ability to generate high-quality, realistic vi-

sual content from text prompts or input images, capturing fine appearance details, complex

structure, and natural motion [216, 20, 282, 304, 273, 12, 271, 156, 336, 202, 251, 102, 258,

39, 222] (examples in Fig. 1.3). These advances are reshaping how visual media is created

and are motivating a new class of applications that were previously difficult or impossible

to realize.

Figure 1.3: Text-to-image generation with diffusion models. Given a text prompt,

a pretrained diffusion model can synthesize diverse, high-quality images with rich structure

and appearance. Image credit [65].

However, many creative applications arising in partial-observation settings cannot be

supported directly by existing pretrained diffusion models. While such models excel at

general tasks, such as text-to-image generation, text-to-video generation, or general image

editing, they are not designed to handle the task-specific inputs and outputs required by

emerging creative applications. For example, the inputs of the creative task may consist of
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several selfies that each capture only a partial view of a person’s body, while the desired

output may be a full-body image that coherently integrates these observations and preserves

the subject’s identity, appearance, and pose. Such transformations require strong appear-

ance consistency and global geometric reasoning, and are not directly or fully supported by

standard pretrained diffusion models, even when using current state-of-the-art models [82].

Enabling pretrained diffusion models to support these creative applications requires

principled design. Paired training data that directly specifies the desired input–output

mapping may be limited in scale or entirely unavailable, and the target distributions may

differ significantly from those encountered during pretraining. As a result, naive fine-tuning

or prompt-based adaptation is insufficient, leading to failures in controllability, appearance

consistency, identity preservation, or geometric coherence.

This thesis investigates a central question: how can pretrained models be repurposed to

support novel visual generation tasks? I explore choices of data construction, supervision

design, and pipeline architecture. Across a series of projects, this thesis demonstrates

that carefully designed repurposing strategies can unlock new capabilities from pretrained

diffusion models, even in settings with limited paired data or without paired data at all.

• No Paired Data Available. I first consider scenarios in which task-specific paired

supervision is unavailable. I study two complementary strategies. The first exploits

weakly aligned training pairs derived from loosely related observations, enabling adap-

tation to novel generation tasks in Total Selfie (Fig. 1.1) and Fit Check Video Gen-

eration, which synthesize full-body images and videos from a small number of selfie

photos. The second constructs synthetic paired data using complementary pretrained

models, showing that high-quality synthetic supervision can effectively guide image

editing in Feature-Preserving Portrait Editing.

• Limited Paired Supervision. I then study settings in which paired supervision

is well aligned but scarce. By composing multiple pretrained models into cascaded

pipelines, I show that scarce supervision can be amplified to enable complex recon-

struction tasks, demonstrated by recovering plausible painting processes from final

artworks in Inverse Painting (Fig. 1.2).
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While the above approaches focus on repurposing pretrained diffusion models through

data construction and pipeline design, their effectiveness ultimately depends on the quality

of the visual priors learned during pretraining. Stronger pretrained representations con-

sistently lead to more robust adaptation and higher generation quality, suggesting that

improving the priors themselves is a promising direction for enabling broader and more

reliable repurposing.

• Improving Visual Priors. I investigate repurposing at a more fundamental level by

improving the visual priors learned during diffusion pretraining. I propose AlignTok

(Fig. 1.4), which repurposes pretrained visual encoders as tokenizers for diffusion

models, allowing diffusion to operate directly in a semantically rich latent space. This

design simplifies training and improves efficiency, scalability, and generation quality,

leading to stronger visual priors for downstream adaptation.

This thesis is organized as follows. Chapter 2 reviews background on diffusion models

and visual generative modeling. Chapters 3–6 each present one project that explores a dif-

Figure 1.4: Pretrained visual foundation encoder can be aligned to serve as tokenizers for

latent diffusion models in image generation.
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ferent repurposing strategy: Chapter 3 introduces Total Selfie, Chapter 4 presents Fit Check

Video Generation, Chapter 5 studies Feature-Preserving Portrait Editing, and Chapter 6 de-

scribes Inverse Painting. Chapter 7 introduces AlignTok, which investigates repurposing at

the level of diffusion pretraining to improve visual priors. Finally, Chapter 8 concludes with

a discussion of future directions.



7

Chapter 2

FOUNDATION OF DIFFUSION MODELS AND FLOW MATCHING

Diffusion models are a class of generative models that synthesize realistic images or

videos by progressively transforming random noise into coherent content through a learned

denoising process. Despite their popularity, understanding the foundational framework of

diffusion models can be challenging. This is largely due to the wide variety of noise sched-

ulers, network parametrization, time sampling strategies, training objectives, and inconsis-

tent notations adopted across different papers [65, 244, 242, 103, 126]. Moreover, recent

advances in image and video generation [86, 65] have adopted the flow matching objec-

tive [160] as an alternative way to train diffusion models. Since diffusion and flow matching

were originally presented as two distinct classes of generative models, this development has

led to some confusion in the community.

In this section, we provide a deeper analysis of various design choices in diffusion frame-

works, such as different noise schedules, and discuss how these factors influence both the

training and inference of diffusion models. We also clarify the connection between diffusion

models and flow matching, enabling a unified understanding and the exchange of method-

ologies – for example, training diffusion models with a flow matching objective. Since flow

matching is often conceptually more intuitive, we begin by introducing its core principles.

We then present diffusion models through the lens of flow matching, making their underlying

mechanisms easier to understand.

2.1 Flow Matching

Flow matching is an elegant approach to generative modeling that defines a continuous

transformation between probability distributions. The goal of flow matching is to learn a

velocity field that transforms a simple source distribution into a complex target distribution.

We start with a source distribution X0 ∼ π0 (typically a standard Gaussian) and aim to
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transform it into a target distribution X1 (our data distribution) through a continuous

flow (i.e., path). Throughout our discussion, we will use the terms “flow” and “path”

interchangeably to refer to the continuous transformation trajectory between distributions.

Formally, we define this transformation via the ordinary differential equation (ODE):

dXt

dt
= vt(Xt), ∀t ∈ [0, 1], starting from X0 ∼ π0 (2.1)

Here, vt is the time-dependent velocity field that we aim to learn, and Xt represents the

state at time t along the flow path. In practice, the velocity field vt is parameterized using

a neural network vθ(Xt, t) with parameters θ, allowing it to learn complex transformations

that map between distributions.

To generate new samples given the trained velocity field, we perform inference by nu-

merically solving the ODE:

dXt

dt
= vθ(Xt, t), X0 ∼ π0 (2.2)

This integration is typically performed using numerical ODE solvers such as Euler’s

method, Runge-Kutta methods, or more advanced adaptive solvers. For example, with

Euler’s method, we can discretize time into N steps and iteratively update:

Xt+∆t = Xt + vθ(Xt, t) · ∆t (2.3)

where ∆t = 1/N . Higher-order methods like Runge-Kutta or adaptive step-size solvers can

provide more accurate solutions with fewer steps, thereby yielding higher-quality samples.

2.1.1 Training through Straight Path

The key insight of training flow matching is that we can directly supervise the neural network

velocity field by defining explicit paths (i.e., flows) between randomly sampled data points

from source and target distribution. Given independently sampled pairs (X0, X1) from the

source and target distributions, we choose to define a straight-line path between them:

Xt = tX1 + (1 − t)X0 (2.4)
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The straight-line path is chosen for its simplicity and computational efficiency, though other

path choices are possible. Taking the time derivative of this path yields the ground truth

velocity:

Ẋt =
dXt

dt
= X1 −X0 (2.5)

This constant velocity vector provides a clear supervision signal, allowing us to train the

velocity field model vθ using a simple mean squared error loss:

L = min
θ

E
[
∥Ẋt − vθ(Xt, t)∥2

]
(2.6)

In practice, we sample t ∼ U(0, 1) for each training point, compute Xt and Ẋt, and up-

date the neural network parameters θ to minimize the discrepancy between predicted and

ground truth velocities. This direct supervision approach avoids the need to solve ODEs

during training, making flow matching computationally efficient compared to other flow-

based methods [138].

2.1.2 Learned Flow is not Straight

A common misunderstanding is that the learned velocity will induce straight path (i.e.,

flow) because it is supervised by straight-line parameterization, thus fewer sampling steps

would be needed due to the straightness of the path with smaller discretization error.

However, despite training with straight-line paths, the trained model often produces

curved trajectories. This occurs because at intersection points between different trajectories,

the model averages multiple directions, leading to smoothly varying paths that better respect

the data manifold’s geometry. For example, if we have two training pairs that cross paths:

X
(1)
t = tX

(1)
1 + (1 − t)X

(1)
0 (2.7)

X
(2)
t = tX

(2)
1 + (1 − t)X

(2)
0 (2.8)

At their intersection, the model must compromise between the two directions, resulting

in curved trajectories during inference that don’t precisely match either training flow but

create a smooth transformation overall. Figure 2.1 illustrates this phenomenon.
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Constructed GT Flow Learned Flow

Figure 2.1: Visualization of constructed ground truth flows used for training (left) and the

learned flows (right). The model is trained on straight-line paths, but the produced paths

are rewired on the intersecting points, creating a smoother overall flow through the data

manifold. Image credit [169].

2.2 Diffusion Models

Diffusion models, similar to flow matching, can be understood through the concept of trans-

forming a simple distribution into a complex data distribution. We can relate diffusion

models to the generalized affine gaussian path definition used in flow matching, which is

given by Xt = αtX1 + βtX0 where X0 ∼ N (0, I) is the source (noise) distribution and X1

is the target (data) distribution.

In the context of a diffusion model such as Denoising Diffusion Probabilistic Models

(DDPM) [103], the process defining the path between data and noise (i.e., forward process)

can be written in a form analogous to our flow matching path. In particular, the state Xt

in DDPM at a given time t along this path is defined as:

Xt =
√
ᾱtX1 +

√
1 − ᾱtX0 (2.9)

Here, the terms
√
ᾱt and

√
1 − ᾱt are time-dependent coefficients corresponding to αt and βt

in the general affine path formulation, and ᾱt is computed based on the time t. The choice

of these coefficients as functions of time (i.e., αt and βt) is referred to as the “scheduler.”

A key distinction often highlighted is that diffusion models are typically formulated

using Stochastic Differential Equations (SDEs), whereas the flow matching framework we’ve
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discussed so far is based on Ordinary Differential Equations (ODEs). The SDE for a diffusion

process can be written as:

dXt = vt(Xt)dt + σ(Xt, t)dWt (2.10)

where vt(Xt) is the drift coefficient (i.e., velocity field), σ(Xt, t) is the diffusion coefficient,

and dWt represents Brownian motion. To simplify the comparison and unify the under-

standing, we can initially ignore the stochastic term (σ(Xt, t)dWt) in the SDE (we will

revisit SDE later). This effectively treats the diffusion process as an ODE:

dXt = vt(Xt)dt (2.11)

By making this simplification, diffusion models can be conceptualized as defining dif-

ferent Gaussian ground truth (GT) paths for the transformation from noise to data, where

flow matching is a special case that defines straight GT paths. This sets the stage for a

unified view where both flow matching and diffusion models aim to learn a vector field to

transform distributions, with the primary initial difference being the specific form of the

path (scheduler) and whether the underlying dynamic is purely deterministic (ODE) or

stochastic (SDE) 1.

2.2.1 Properties of the Unified Framework: Schedulers and Inference

With the initial simplification of viewing diffusion processes as ODEs, we can explore the

properties of this unified framework. A crucial aspect is understanding how different choices

of “schedulers” or ground truth (GT) paths relate to each other.

As established, both flow matching and diffusion models (under the ODE assumption)

define a path Xt between a noise distribution X0 ∼ N (0, I) and a data distribution X1. A

common way to define these paths is through affine interpolations:

Xt = αtX1 + βtX0 (2.12)

1Not all diffusion models rely on an SDE formulation—for instance, DDIM [242] is based on a deterministic
ODE. However, most diffusion models do incorporate stochasticity, so in this report we primarily focus on
the SDE-based formulation.
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where (αt, βt) are scalar functions of time t ∈ [0, 1] defining the specific “scheduler,” X1

represents a sample from the data distribution, and X0 represents a sample from the noise

distribution. For instance, the straight path in our initial flow matching discussion had

αt = t and βt = (1 − t). Diffusion models like DDPM, as formulated in Equation 2.9, use

Xt =
√
ᾱtX1 +

√
1 − ᾱtX0.

An important insight [160] is that different affine interpolations (i.e., different sched-

ulers) are fundamentally related. Given two such interpolations, Xt = αtX1 + βtX0 and

X ′
t = α′

tX1+β′
tX0, that start and end at the same distributions, they are pointwise transfor-

mations of each other. Specifically, there exist scalar functions τt (a time warping function)

and ωt (a scaling function) such that:

X ′
t =

1

ωt
Xτt (2.13)

where τt and ωt are determined by the ratios of the scheduler coefficients:

ατt

βτt
=

α′
t

β′
t

; ωt =
ατt

α′
t

=
βτt
β′
t

(2.14)

with boundary conditions τ0 = 0, τ1 = 1 and ω0 = ω1 = 1. This means that all affine

schedulers are, in essence, exploring the same underlying space of paths, just at different

“speeds” and “scales” at corresponding warped times. Fig. 2.2 provides a visualization to

illustrate the point.

An interesting consequence of this properties is the flexibility at inference time. If a

model is trained using a particular scheduler (defining specific αt, βt), we are not strictly

bound to use the exact same path definition or discretization during inference. We can often

switch to a different scheduler or a different number of discretization steps. For example, if

we train a model with scheduler A, we can potentially use scheduler B or C for inference.

Ideally, if the network were perfectly trained and the discretization steps were infinitely fine,

sampling with different schedulers would produce identical results. However, in practice,

this is rarely achievable due to model imperfections and the finite number of discretization

steps.
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Figure 2.2: Visualization of relationship between paths defined by different schedulers.

Image credit [170].

2.2.2 Properties of the Unified Framework: Training

In the unified framework, diffusion models and flow matching can have different schedulers,

network parameterizations, and time sampling strategies. In the following sections, we

will examine how these design choices affect model training and highlight the key differ-

ences between various diffusion frameworks proposed in recent works. This deeper analysis

will help demystify the underlying distinctions among methods, despite the often complex

mathematical derivations presented in the literature [65, 244, 242, 103, 126].

Training with Different Schedulers. The pointwise relationship between different sched-

ulers (discussed in Sec. 2.2.1) has direct implications for training a velocity model vθ(Xt, t).

If we train a model using one affine path Xt with a loss function like:

L(θ) = E[w(t)∥Ẋt − vθ(Xt, t)∥2] (2.15)

where w(t) is the time-related weighting function. Then we have another model with a

different affine path X ′
t and loss L′(θ):

L′(θ) = E[w′(t)∥Ẋ ′
t − v′θ(Xt, t)∥2] (2.16)

then these two training procedures are equivalent up to a re-weighting of the loss w′(t) =

ω2
t
τ̇t
w(τt) and a reparameterization of the velocity network v′θ(Xt, t) = τ̇t

ωt
vθ(ωtXt; τt)− ω̇t

ωt
Xt,

where ωt is defined in Eq. 2.14.
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In simpler terms, training with different affine GT paths (schedulers) is largely equivalent

to applying a different time-dependent weighting function in the loss and adjusting the

network’s input and output scaling. Among these changes, the rescaling of the network has

minimal impact on the training dynamics.

Training with Different Network Output Parameterizations. Beyond the choice of

scheduler, another critical design aspect in diffusion and flow models is the parameterization

of the neural network’s output. The network can be trained to predict various quantities.

Common choices include:

• The noise component X̂0 (this is often referred to as noise prediction or ϵ-prediction).

• The clean data sample X̂1 (representing the network’s direct prediction of the clean

sample).

• The velocity field v̂ (representing the network’s prediction of the true velocity, an

approach used by flow matching, where v̂ = vθ(Xt, t)).

When these different types of predictions are adopted and optimized using a Mean Squared

Error (MSE) loss, they can be seen as applying different time-dependent weightings to a

noise prediction loss. Specifically, if we take the MSE loss for predicting the noise, ∥X̂0−X0∥22
(where X0 is the true noise component), as a baseline, the losses for other parameterizations

can be related as follows. Given Xt = αtX1 + βtX0 and let λt = log(α2
t /β

2
t ), we can derive

the following:

• Predicting clean data: ∥X̂1 −X1∥22 = e−λt∥X̂0 −X0∥22.

• Predicting velocity: ∥v̂ − vt∥22 = α2
t (e

−λt + 1)2∥X̂0 −X0∥22.

This illustrates that various common objectives in diffusion and flow models can be expressed

in a unified noise-prediction form with a different time-related function:

L(θ) = E
[
w(t)∥X̂0 −X0∥22

]
(2.17)



15

Here, w(t) is a time-related weighting function determined by the specific scheduler (αt, βt)

and the chosen network output parameterization.

Training with Different Time Sampling Strategies. During training, a random

timestep is sampled for each training example to construct Xt. Some methods, such as

DDPM [103], sample timesteps uniformly, while others, like EDM [126], use a non-uniform

distribution. In theory, the choice of timestep sampling distribution does not affect the ex-

pected loss in the limit of infinite training iterations, as the expectation remains unchanged.

However, in practice, training is finite, and the sampling distribution directly impacts op-

timization. This is closely related to Monte Carlo sampling, and is effectively equivalent to

applying a timestep-dependent weighting to the loss function.

Unifying Takeaway for Training. The key takeaway from this analysis is that us-

ing different schedulers, network output parameterizations, and time sampling strategies is

primarily equivalent to changing the time-related weighting w(t) in the training loss. The-

oretically, if training converges perfectly, these different formulations should lead to models

that can represent the same underlying predicted noise or velocity field. However, in prac-

tice, this weighting w(λt) can significantly influence the training dynamics and the final

performance of the model. For example, the good results sometimes achieved with flow

matching objectives might not solely be due to the “straightness” of the paths but rather

due to the implicit time weighting these objectives apply, which may better suit certain

data characteristics or network architectures.

2.2.3 Reintroducing Stochasticity: SDE Samplers

So far, for unification, we’ve largely considered the ODE formulation. However, diffusion

models often benefit from being formulated as SDEs. We now reintroduce stochasticity into

our unified framework. Importantly, this does not alter any of the training formulations or

conclusions discussed earlier; the only difference arises during inference, specifically in the

sampling process. That is, if we can show that an SDE sampler – as introduced in diffusion

models – can be used in place of an ODE sampler to generate samples from any trained

model (including those trained with flow matching objectives) without changing sampling
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Figure 2.3: Visualization of error correction ability of the SDE sampler against ODE sam-

pler. Image credit [170].

distribution, then we can naturally incorporate SDE-based samplers into our framework.

This allows us to claim that our unified framework encompasses both diffusion models and

flow matching, even in the presence of stochasticity as found in the SDE formulation of

diffusion models.

Luckily, the theory of Langevin dynamics provides the theoretical grounding for this. It

can be achieved by formulating an SDE sampler in a specific form that leverages the learned

velocity field, given by:

dXt = vθ(Xt, t)dt + σ(Xt, t)
2∇ log ρt(Xt)dt +

√
2σ(Xt, t)dWt, X0 ∼ p0 (2.18)

where ρt(Xt) is the marginal distribution of Xt. This SDE combines the learned velocity

vθ(Xt, t) with a stochastic term and a marginal distribution term inspired by Langevin

dynamics. Langevin dynamics naturally drives samples towards regions of higher probability

density, and adding these terms helps guide the process. Crucially, sampling with this

SDE results in the same marginal distribution at each time step as the deterministic ODE

path, ensuring consistency with the model’s training objective. ∇ log ρt(Xt) in this SDE

can be computed from the learned velocity vθ(Xt, t) and the known parameters of sampling

schedulers. In this way, we can flexibly switch between ODE and SDE schedulers as needed,

which unifies our framework.
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One question one may ask is: Why do we need an SDE sampler? Here, we discuss the

advantage of SDE samplers over deterministic ODE solvers:

1. Error Correction: The stochastic term helps correct for accumulated errors from

time discretization and neural network inaccuracies, making sampling more robust.

Fig. 2.3 visualizes this process.

2. Improved Sample Quality: The added noise can aid in exploring the data manifold,

potentially leading to higher-quality and more diverse samples, especially with fewer

steps.

The ability to use SDE samplers highlights a key connection, reinforcing the unification of

diffusion models and flow matching inference processes.
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Chapter 3

TOTAL SELFIE

This chapter presents the research project Total Selfie: Generating Full Body Images

from Selfies [33], conducted with Brian Curless, Ira Kemelmacher-Shlizerman, and Steven M. Seitz.

The subsequent analysis and comparisons to related studies in this chapter are based on

the prevailing state of the art at the time of this work.

The prevalence of selfies has skyrocketed in recent years, with an estimated 93 million

taken each day. Despite their popularity, they suffer from multiple shortcomings: (1) they

capture only the upper portion of the subject, (2) the close-up camera viewpoint distorts

faces and requires awkward poses (e.g., with arm reaching out), and (3) it is difficult to

compose a shot that optimally captures both the subject and the scene.

Instead, what if you could capture the full-body image that someone else would take of

you in the scene? We call this a total selfie. As input, we require four selfies to cover different

parts of your body, and a photo of the background that you would like to be composited

into (Fig. 3.1). Based on this information, we generate convincing full-body photos of you

in a specified target pose in the desired scene (Fig. 3.1 right). In practice, we automatically

select candidate reference photos from your photo collection, allowing you to choose one or

more of them to determine the target pose.

Solving this problem requires addressing a number of challenges. First, we must render

a complete and accurate image of your body, piecing together separate close-up images of

your face, upper torso, legs, and shoes. Second, we must reproject you to a virtual viewpoint

from several feet away – far enough to compose your full body within the scene. And third,

we need to render you with a desired target pose (where you’re not holding the camera),

which can be completely different from the one you used to take the selfies. The target pose

can be specified by any full-body image from your photo collection. To facilitate target pose

selection, we auto-detect photos from your collection where you are wearing similar clothing
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Input Selfies

Background

Two Examples of Total Selfie 

Automatic Target Pose Selection

Pose
Guidance

…

Reference for Target
Pose Selection

Figure 3.1: We generate full-body selfies of you (right), from self-captured images of your

face and body (top left) and background. You can choose any target pose from a reference

photo — we auto-select a set of good candidates from your photo collection (bottom).

to the input selfie set, leading to results with more accurate body shapes for a given type of

clothing. Most importantly, the resulting composite must retain your identity, expression,

and clothing, but be composited realistically into the target scene with the desired pose and

appearance.

One approach to this problem would be to collect a paired dataset of selfies and full-

body images of many people, and train a generative model on it. However, acquiring such

a dataset would be time and cost intensive. Instead, we train a selfie to full-body model

using a paired synthetic dataset, and further perform per-capture fine-tuning to narrow

the gap between real and synthetic data. Specifically, we first introduce a diffusion-based

inpainting model trained in a self-supervised manner. This model takes four selfies as input

and inpaints a full-body subject into a masked background. Given a set of input images, we
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first remove perspective distortion of the face selfie, and then fine-tune the trained model

on these images to enhance the fidelity of generated full-body photo further.

Our contributions can be summarized as follows:

• We introduce a novel type of self-captured photo – total selfie – that captures your

entire body, as if some one was taking a photo of you in the scene.

• We propose a diffusion-based full-body generation model, followed by per-capture

fine-tuning techniques, to generate total selfie from four selfies covering the body, a

background image, and an auto-selected reference image as target pose.

• We demonstrate results for twelve individuals in various scenes (e.g ., indoor and sunny

outdoor) and clothing (e.g ., skirts) with a wide range of poses and expressions. Our

experimental results outperform existing methods in generating realistic and accurate

full-body images.

3.1 Related Work

Full-Body Image Generation. Extensive research has been dedicated to generating full-

body images, either without specific conditions [68, 70, 281, 71] or with conditions such as

pose [303], shape [223], or text prompts [119]. One related area of research to our task is

human reposing [211, 66, 137, 115, 265, 43, 326, 339, 212, 54, 173, 213, 125, 15, 90, 149, 176,

224]. These methods transform a full-body (or partial-body) human image from one pose to

another, with a target pose provided. For example, DisCo [265] designed a diffusion-based

framework to achieve this by using a person image (in any pose), a background image, and

a target pose. However, these methods are tailored for single image input and fall short

when applied to our task due to the inherent limitation of a single selfie in capturing the

full view of the person.

Another related line of work is Virtual Try-On [341, 47, 146, 289, 297, 154, 46, 38, 95],

where the goal is to generate a visualization of how a garment might appear on a person,

given the person image (in different clothing) and the garment image. For instance, LaDI-

VTON [185] introduced the first Latent Diffusion textual Inversion-Enhanced model to syn-
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thesize an image of the person wearing a specified clothing item. However, these approaches

usually assume simple backgrounds, posing challenges in generating realistic shading within

complex backgrounds. They also cannot alter footwear and facial expressions, crucial for

our task.

Despite these challenges, both streams of work assume input from third-person view

images, not selfies.

Selfie-Related Techniques. Numerous studies have explored selfies for applications

like reposing [175], face recognition [142, 23], style transfer [151, 252], novel view syn-

thesis [16, 194, 195, 8, 124], relighting [28], and video stabilization [311, 310]. For example,

[175] proposed a coordinate-based method to transform a typical selfie, mainly focusing on

the face, into a neutral-pose portrait. Nevertheless, their approach was limited to upper

body selfies and could not generate full-body selfies capturing both the subject and the

surroundings. Our work is the first to propose and generate total selfie from arm-captured

selfies.

Diffusion Models. Diffusion models have recently demonstrated their success in vari-

ous tasks such as text-to-image [209, 221, 217] and image-to-image translation [298, 89].

DreamBooth [219] was proposed to personalize a text-to-image model by fine-tuning the

model on a few reference images. RealFill [248] introduced an image completion technique

to outpaint an input photo using reference images from the same scene. It fine-tuned a

text-to-image inpainting model using reference images and applied it to complete the input

photo. However, RealFill assumed third-person view images as input and mainly focused

on generating scene content, rather than full-body subjects. Another relevant work, Paint-

By-Example [298], introduced an image-conditioned inpainting model to inpaint masked

scenes with content specified in a reference photo. Similarly, we frame our problem as an

exemplar-based inpainting problem. Thus we adapt this model to suit our settings.

3.2 Total Selfie

We refer to our pipeline as Total Selfie, and define our task setting more formally. As input,

a user captures four selfies, including face If , upper body Iu, lower body Iℓ, and shoes Is, as

well as the background image Ib. Total Selfie inpaints the full-body individual into Ib, with
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Figure 3.2: Overview of Total Selfie. First, we train a selfie-conditioned inpainting

model based on a synthetic selfie to full-body dataset (blue box). Second, we fine-tune the

trained model on a specific capture (orange box), and use it to produce a full-body selfie

with the help of modified ControlNet (for pose) and appearance refinement (for face and

shoes), visualized in the purple box. Note that, images in the green dashed box (inside the

orange box) serve as input and conditional signals to the inpainting model, arrows omitted

for simplicity.

the target pose It and inpainting mask M (where 1 indicates the region to be inpainted)

specified by a reference image Ir. Here, Ir is automatically selected from the user’s photo

collection Φ.

Total Selfie has two main steps. As depicted in Fig. 3.2 left, we first generate a large

paired dataset comprising four selfies as input and a corresponding full-body image as

ground truth. Then we train a selfie-conditioned inpainting model on this dataset. Given

an input capture, we perform preprocessing on the input images, including face undistortion

and automated pose selection. These preprocessed images are then used to fine-tune the

trained model (Fig. 3.2 middle). The fine-tuned model is employed to generate an initial

output Io, which is further refined to produce the final output Ia (Fig. 3.2 right).
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3.2.1 Training Selfie-Conditioned Inpainting Model

Training the selfie-conditioned inpainting model involves two steps: (1) generating a large

paired dataset and (2) training an image-conditioned diffusion model on this dataset.

Dataset Generation. We define one training pair as {(S′, I ′gt ·M ′,M ′), I ′gt}, where S′ =

{I ′f , I ′u, I ′ℓ, I ′s} is a set of four synthetic selfies for face, upper body, lower body, and shoes

respectively. I ′gt is the ground-truth full-body image, and M ′ is the inpainting mask.

To create a pair, we start by generating I ′gt using Stable Diffusion [217], with the pose

guided by OpenPose ControlNet [322]. The person’s bounding box in I ′gt is then scaled

up (following [298]) to generate the inpainting mask M ′. We choose a bounding box rep-

resentation instead of a more detailed shape for the mask since we anticipate changes in

nearby regions, like those affected by shadows, when integrating the individual into the

scene. Simulating selfie set S′ from the third-person view I ′gt is non-trivial. One possible

idea is to estimate 3D geometry of I ′gt using depth estimation [208, 14, 19] or human re-

construction [291] methods, and then re-render it from the perspective of a selfie camera.

However, this is not practical due to inaccuracy of the estimated 3D geometry. Instead we

propose a simpler yet effective way for obtaining S′ using homography transformation. To

create I ′u, we follow these steps. (1) Identify the typical positions of upper body OpenPose

keypoints from pre-captured real upper body selfies (see supplementary). (2) Detect the

upper body OpenPose keypoints from I ′gt. (3) Compute a homography transformation that

maps keypoints in I ′gt to their typical positions. (4) Use this transformation to warp I ′gt

and obtain I ′u. We apply the same approach to generate I ′ℓ and I ′s. Finally, we use FFHQ

face alignment [129] to extract the face selfie I ′f . The resultant selfie set S′ is visualized in

the top right part of Fig. 3.2 blue box. We repeat this process to create multiple training

pairs with I ′gt in diverse poses. Although the selfie simulation process primarily focuses on

viewpoint correction and does not consider pose differences (e.g ., using one arm to hold

camera), we observed that this is sufficient for training an inpainting model and obtaining

a reasonable selfie-to-full-body prior.

Training. We start with an existing image-conditioned, diffusion-based inpainting model

called Paint-By-Example [298] and tailor our specific task. We refer to our adapted model
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as selfie-conditioned inpainting model.

To train our model, we first apply the forward diffusion process to I ′gt. Starting from

a clean latent z0 = E(I ′gt), the forward process yields a noisy latent zt = αtz0 + (1 −
αt)ϵ, where E is the encoder of Variational AutoEncoder used in Latent Diffusion [217].

Here, t is a randomly sampled timestep, ϵ represents Gaussian noise, and αt is a weight

parameter determined by t. We then use a diffusion model to denoise zt and update the

model parameters by minimizing the following loss function:

L = Et,z0,ϵ||ϵθ(zt, I ′gt ·M ′, c′, t) − ϵ||22, (3.1)

where c′ is the condition for the diffusion model, which, in our case, is the image embeddings

extracted from S′. In Paint-By-Example, c′ is implemented as L · F (I), where I is a single

image, F (·) is a pretrained CLIP image encoder [206] followed by a multi-layer perceptron

(MLP), and L(·) is a linear layer. In our model, we extend this idea and implement it as:

c′ = L([F (I ′f ), F (I ′u), F (I ′ℓ), F (I ′s)]), (3.2)

where [·] is the operation of concatenation. L is modified to adapt to the dimension of

the concatenated embeddings. One advantage of F (·) is that it transforms an image into

a highly compressed vector. This forces the network to understand the clothing type and

color in S′, preventing it from reaching optimal results by simply applying homography

transformation to S′ in training. The training process is visualized in the blue box in Fig.

3.2. In practice, we train our model by updating parameters (θ, weights in F ’s MLP and

L) using Eq. 3.1. We initialize weights (excluding those in layer L) with pretrained weights

from Paint-By-Example. This allows us to leverage the generative prior in this pretrained

model and significantly reduce our training time.

3.2.2 Per-Capture Preprocessing and Fine-Tuning

We start by presenting two test time preprocessing steps: face undistortion and automatic

target pose selection. Then we introduce how to generate results aligning with the target

pose, and discuss the issue of generated results to motivate the per-capture fine-tuning.
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At test time, the set of user-captured selfies S = {If , Iu, Iℓ, Is} has a different distribution

from the simulated selfies S′ in the training set. We note two particular differences: (1)

real selfie If often exhibits significant face distortion, which is not present in the simulated

selfie I ′f (obtained from full-body image), (2) upper body selfies Iu and I ′u have different

poses, arising from the need to hold the camera out front (using an upper body arm) when

taking a real selfie (see Fig. 3.2). To address the first issue, we propose a face undistortion

strategy as a preprocessing step to help reduce the domain gap. We address the second

issue, pose differences, with a fine-tuning step which we discuss later, as it is non-trivial to

resolve during preprocessing.

Face Undistortion. Existing methods alleviate selfie distortion by either optimizing on a

single image [265, 233] or by training a model on a combination of an unrealistic synthetic

dataset and a small real dataset [331]. For test-time efficiency, we follow the latter idea. We

render a large paired dataset using a method that generates realistic, textured 3D heads

using 3D GANs [30]. Then we fine-tune a talking-head synthesis network [266] to perform

perspective undistortion using the rendered dataset. See supplementary for more details

and results. Additionally, we roughly align the shoes selfie Is with I ′s by cropping it based

on the bounding box of the shoes. For simplicity, we reuse If and Is to represent corrected

face selfie and cropped shoes selfie, respectively.

Automatic Target Pose Selection. Another preprocessing step is to obtain the target

pose It to guide the full-body selfie generation. We require It to convey two types of

information: (1) the desired pose and (2) the actual body shape. To achieve this, we

represent It as the contour of the user’s body, derived from a reference photo Ir of the same

person. We first discuss how to obtain Ir and address the process of deriving It from Ir in

the next section.

We develop an automatic selection strategy to help obtain Ir from the users’ photo

collection Φ. The selection criteria are based on the similarity between the clothing types

in the input selfies and a candidate image in Φ. This is because the more similar the

clothing type is, the more accurately the body shape (in this particular type of outfit) can

be extracted from Ir. Specifically, we first use a pretrained human parsing model [301] to

detect the clothing types (e.g ., hoodie) in the selfies Iu, Iℓ, and Is. We then apply the
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detection to each full-body photo in Φ. A list of candidate reference photos is suggested

based on the number of matched clothing types (higher is preferred) between the selfies and

the image from Φ. Then the user can choose a reference image Ir from the list. Finally, the

inpainting mask M is obtained using the scaled bounding box of the person in Ir.

Pose-Guided Generation. After preprocessing, to generate a full-body selfie, we follow

the standard diffusion denoising process with the guidance of ControlNet [322] to ensure

that the generated image aligns with the pose in Ir. The key difference is that we modify the

ControlNet architecture to enable it to possess similar guiding capabilities for our image-

conditioned diffusion model as it does for text-conditioned models. Specifically, we replace

the text embeddings with c, which is computed using Eq. 3.2 by replacing simulated selfie I ′k

with real selfie Ik, where k ∈ {f, u, ℓ, s}. This modification allows any pretrained ControlNet

to be plugged into our model, providing the desired guidance. To meet our requirements, we

specifically opt for a Canny Edge ControlNet with target pose It as the control signal. To

obtain It, we segment various body parts in Ir using [301], producing a semantic map. The

Canny Edge It is then detected from this semantic map (Fig. 3.2 top right), not directly

from Ir itself. This ensures that the pipeline is not influenced by the outfit details in Ir, such

as cloth texture. Note that, as we will discuss, one can always use OpenPose ControlNet,

and obtain It (skeleton) from any human image, albeit sacrificing accurate body shape.

To obtain the full-body selfie, starting from a random noise zT at timestep T , we iter-

atively perform one-step denoising using ϵθ(zt, Ib ·M, c, t) with modified ControlNet for T

steps. This yields the clean latent z0, which is further decoded by decoder D to generate

the full-body selfie In. However, as shown in Figure 3.3 (c), directly using trained model

in Sec. 3.2.1 produces inaccurate outfit and identity due to the gap between synthetic and

real data.

Fine-Tuning. To improve results, we fine-tune the selfie-conditioned inpainting model on

the specific capture. By leveraging the full-body generative prior in the model, this strategy

is robust to distribution differences (e.g ., pose variations in the upper body) between S

and S′, enhancing the preservation of clothing texture and generating pose-specific details

(wrinkles on upper clothing in Fig. 3.3 (d)).

To implement this strategy, we generate a “ground truth” for fine-tuning by resizing
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(a) Input Selfies (b) Target Pose (c) Output w/o FT (d) FT Output (e) Full Pipeline

Figure 3.3: Results for different modules of our pipeline. Background image

omitted due to space; regions inside bounding box (c) are to be inpainted. The Canny Edge

image in (b) is detected from the reference image, inset. Generating without fine-tuning

(c) produces inaccurate outfit and identity. Through fine-tuning, the pipeline (d) generates

correct outfit with reasonable shading and clothing details (e.g ., wrinkles on upper cloth),

but with wrong identity. With appearance refinement, the full pipeline (e) yields high-

quality full-body selfies.

and placing a randomly selected selfie image from the set S into the masked area of the

image Ib (see supplementary for details). The bottom left part of Fig. 3.2 orange box

visualizes examples of two augmented images produced using If and Iu. We create 200

augmented images and employ them to fine-tune ϵθ(zt, Ib · M, c, t) supervised by the loss

computed similar to Eq. 3.1. While fine-tuning on close-up selfies, the full-body generative

prior in the trained model helps prevent overfitting, especially for Iu with significant pose

differences. Finally, we utilize the fine-tuned model to produce full-body selfie Io using the

pose-guided generation. Fig. 3.3 (d) shows an example of fine-tuned output, which has

reasonable outfit and shading but wrong identity. The identity problem arises because the

VAE used in Latent Diffusion fails to generate details of the small face in the full-body

photo, a well-known limitation. Similar challenges arise with shoes because they are too

small in Io.

Appearance Refinement. To further enhance the details of Io, we employ several post-

processing strategies. First, for refining face and shoes, we augment If and Is by resizing

them to various resolutions and zero-padding the border. Subsequently, we train a Dream-
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Booth model [219] with two concepts (shoes and face) using these augmented images. Fi-

nally, we crop the face region from Io and then employ SDEdit [179], based on the trained

DreamBooth, to refine the face. We subsequently compose the refined face back into Io. A

similar operation is applied to the shoes region. Second, we also apply the similar operation

to hands region, but with a pretrained Stable Diffusion model [217] since hands are usually

not shown in the input selfies. As shown in Fig. 3.3 (e) and Fig. 3.2 purple box, these

post-processing steps culminate in the creation of the final output, denoted as Ia. This final

output faithfully preserves the identity and outfit, and exhibits realistic shading, along with

the desired pose.

At the end, the user can switch to a new reference photo and use the current fine-

tuned model for generation, provided the person in the new reference photo is within the

inpainting mask M . If not, fine-tuning for the new reference photo is required. See the

supplementary for execution time and implementation details, including strategy to help

preserve background content inside the inpainting mask.

3.3 Experiments

Results. We begin by showcasing the results of Total Selfie across five different captures, as

illustrated in Figure 3.4. The goal is to retain the user’s facial expression and clothing, but

realistically retargeted onto the background with the desired pose; these results demonstrate

this capability.

In particular, the results show compelling full-body selfies with a wide range of poses,

even if the desired poses significantly deviate from those in the input selfies (row 2 to 4).

Importantly, the method is able to add realistic wrinkles in the clothing to fit the new

pose, with consistent shading (e.g ., raised arm in rows 2 to 4). Observe that the technique

works with a range of clothing, from short sleeves to jackets, and both pants and skirts.

Finally, the method is able to convincingly fill in missing details (e.g ., hands, which are

often missing in selfies), that fit the individual and are realistically shaded in the target

scene. More results are in the supplementary.

Evaluation Data. For evaluation, we collected a dataset of twelve people wearing various

outfits with selfies taken in a variety of scenes and lighting conditions, resulting in a total of
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(a) Input Selfies (b) Target Pose (c) Background (d) Total Selfie

Figure 3.4: Results. The second column shows the Canny Edge images detected from

reference images (shown as insets). Regions inside yellow box of (c) are the masked regions.
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Method LPIPS ↓ SSIM ↑ PSNR ↑ FID ↓

Paint-By-Example 0.252 0.621 12.37 184.6

DisCo 0.287 0.586 12.13 245.7

LaDI-VTON 0.263 0.563 10.35 172.8

DreamBooth 0.224 0.663 13.61 159.2

Ours-FT-AR 0.218 0.691 14.19 154.1

Ours-AR 0.190 0.703 16.89 143.4

Ours-FU 0.188 0.706 16.98 141.6

Ours 0.187 0.708 17.01 139.4

Table 3.1: Comparison with baselines and our ablation variants. The metrics are

evaluated only in the foreground. We employ ground truth Canny Edge to define the target

pose for all rows.

seventeen captures. Additionally, we captured real, “ground truth” full-body photos of each

subject, maintaining the same clothing, nearly identical facial expressions and background.

Ablation Study. We study the effects of different parts of the pipeline and design three

variants: (1) Ours-FT-AR: full pipeline without per-capture fine-tuning and appearance

refinement. (2) Ours-AR: full pipeline without appearance refinement, (3) Ours-FU : full

pipeline without face undistortion. As discussed in Sec. 3.2, Fig. 3.3 and Table. 3.1 show

that the full pipeline outperforms all tested variants.

Comparison to Baseline. To the best of our knowledge, there are no existing papers

solving the same task. We therefore adapt four existing methods to create four baselines.

(1) Paint-By-Example [298] was designed to inpaint a masked image using a single source

image. Here, we concatenate four input selfies vertically as the source since this works better

than only using one selfie. We use Canny Edge ControlNet [322] to guide the pose. (2)

DisCo [265] reposes an input human image using diffusion models, given a background photo

and a target pose. We opt for this over other reposing approaches because it can handle

complex backgrounds. Similar as before, we concatenate four input selfies vertically to create
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(a) Input Selfies (b) Background (c) LaDI-VTON (d) Dreambooth (e) Ours (f) Real Photo

Figure 3.5: Qualitative comparison with two best-performing baselines. For this

comparison, we used Canny Edge of the real photo as target pose (inset of (f)). Our pipeline

clearly outperforms baselines in terms of photorealism and faithfulness (zoom in for details,

including faces and shoes). Note that, while the selfies, background image, and real photo

were captured in the same session, variations in lighting conditions, auto exposure, white

balance, and other factors may result in intensity and color tone differences.

the input human image for better performance. Following the official implementation, we

use OpenPose Skeleton as target pose since their provided model does not work well with

Canny Edge input. (3) LaDI-VTON [185] is a diffusion-based Virtual Try-On method.

We opt for this method over other similar methods since it can handle both upper- and

lower-body garments, and the code is available. This method specifically requires a full-

body RGB image as input. Thus we use Stable Diffusion and Canny Edge ControlNet to

generate the full-body input aligning with target pose. Then we apply garment editing on

this input image using upper and lower body selfies, excluding the face and shoes, as this

method does not support editing those elements. Finally, we blend the edited image with

the input background for the final output. (4) DreamBooth [219] customizes a pretrained

text-to-image diffusion model by fine-tuning with a few reference images. Here, we use four

selfies (with augmentation) as reference images and generate outputs using Canny Edge

ControlNet.
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Fig. 3.5 and Table. 3.1 show the qualitative and quantitative results of the compared

methods, respectively. Please note that real photos may have contrast and color tone vari-

ations (e.g., due to auto-exposure and white balance), leading to differences between real

and generated outputs. Among the compared methods, DisCo performs worst because it

is guided by skeleton and assumes a third-person view input. Paint-By-Example is also

ineffective since it is not designed specifically for full-body generation. Further, both meth-

ods can only consider one reference image, leading to sub-optimal results. LaDI-VTON

exhibits artifacts on the clothes (Fig. 3.5 (c)), which may be attributed to the reference

garment images being selfies, distinct from those in its training set. DreamBooth produces

inaccurate outfits (Fig. 3.5 (d)). This is due to the pretrained text-to-image model lacking

strong priors for understanding clothes in selfies and linking them together as a coherent

full-body image. Conversely, Total Selfie, which is initially trained on a synthetic dataset

and then fine-tuned per capture, excels in realistically generating full-body selfies.

Discussion of Target Pose Options. We explore the trade-offs of different target pose

options, as shown in Fig. 3.6. No Condition is the simplest option, requiring no target pose

input. Our pipeline automatically determines pose, body shape, and scale from the masked

background and input selfies. However, it generates inaccurate body shape and scale (row

1(d)), and lacks pose controllability. OpenPose Skeleton enables users to specify the target

pose (skeleton) using any human photo. Our pipeline integrates this control signal using a

modified OpenPose ControlNet. While this option produces reasonable poses, it struggles

with correct body shapes (row 1(e)). Canny Edge offers accurate body shape and pose but

may yield sub-optimal results when the reference pose photo has different clothing than

the input selfies. For instance, the hem of the jacket in row 2(f) appears less natural. In

such cases, OpenPose Skeleton (row 2(e)) can do a better job with clothing contours. In

summary, each option has its advantages and limitations, and there is no one-size-fits-all

choice. The selection of the target pose type depends on users’ needs and available data.

Limitations and Future Work. Fig. 3.7 shows two limitations of Total Selfie: (1)

While our method generally yields a harmonized output (b), the shading of the body may

not precisely align with that in the actual photo (c). (2) Our method cannot accurately

generate hard shadows of a person under strong sunlight since inferring the sun’s direction
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(a) Input Selfies (b) Ref Photo (c) Background (d) No Cond. (e) Skeleton (f) Canny Edge

Figure 3.6: Discussion of target pose options. Insets of (d)-(f) show the conditional

signals. In the first row, Canny Edge (f) exhibits the closest body shape to the reference

photo (b) compared to (d) and (e). In the second row, when the reference photo has a

different clothing type, Canny Edge (f) produces an unnatural hem of the jacket (highlighted

by a red arrow). In such cases, the OpenPose skeleton (e) may offer a more natural result

despite a slight fattening of the waist compared to reference.

(a) Input Selfies (b) Ours (c) Real Photo

Figure 3.7: Failure case of shadow generation under strong sunlight. Masked regions

are shown in (b), and target pose is from (c).

and scene geometry solely from the background is difficult.

Topics of future work include exploring how to effectively infer body shape and scale

from input selfies, and automatically suggesting good target poses.
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Conclusions. We introduce a new selfie type called total selfie, and propose a diffusion-

based framework to generate it from four selfies, a background image, and a target pose. Our

method generates faithful and realistic full-body selfies, outperforming existing techniques.
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SUPPLEMENTARY MATERIAL

3.4 Face Undistortion

A common problem with face selfies is perspective distortion. This is caused by the camera

being too close to the subject, resulting in facial features closer to the camera appearing

larger and those farther appearing smaller, thereby creating an unnatural and distorted

appearance.

Previous studies have addressed this issue either through single-image optimization [265,

233] or training on a combined dataset of real and unrealistic synthetic images [331]. For

test-time efficiency, we follow the idea of large dataset training. This includes two steps: (1)

generate high-quality paired dataset with distorted and undistorted face images. (2) Train

a network on this dataset.

The goal of the first step is to render a pair of images with small and large camera-

subject distance. To implement this, we adopt EG3D [30], a state-of-the-art textured 3D

head generation method. EG3D utilizes a random noise vector and camera parameters to

generate tri-planes, which can then be employed for volumetric rendering to produce color

images and meshes. One straightforward idea for pair generation is to fix the random noise

(a) d = 1 (b) d = 1.3 (c) d = 1.6 (d) d = 1.9 (e) d = 10 (GT)

Figure 3.8: Example of 4 pairs of training data rendered from one textured mesh. The left

4 columns are the input images, and the last column is their ground truth.
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vector and adjust the camera parameters to directly render desired RGB images. However,

this is not feasible as EG3D is pre-trained on a dataset with a specific camera-subject

distance. Consequently, rendering images with out-of-distribution camera-subject distances

results in noticeable artifacts.

Instead, we create a textured 3D head mesh using EG3D and render head images at

varying distances through traditional rendering. Specifically, we employ EG3D to create tri-

planes, which are utilized to sample the volume, producing a cube with dimensions H×W×C

containing density and color values. The surface of the head (including background) is then

extracted as a mesh using the Marching Cubes algorithm [171]. For each 3D surface vertex,

the vertex color is determined by assigning the color value of the nearest point on the

cube. With the textured mesh in place, we proceed to render images at varying distances

using conventional rendering techniques. The camera rotation matrix is fixed, and only the

camera distance d is adjusted. To maintain consistent eye positions across different images

of the same mesh, the focal length f is computed based on the camera distance, given by:

f = df0, (3.3)

where f0 = 2.9 represents the pre-defined focal length for rendering images without invalid

pixels (i.e., ensuring that all camera rays can hit the mesh) when d = 1. We use PyTorch3D

to render 4 input images with severe distortion by setting d to 1, 1.3, 1.6, and 1.9. Addi-

tionally, a shared ground-truth image is rendered with d set to 10. For better alignment, all

rendered images are processed using the FFHQ face alignment technique proposed by [129].

Fig. 3.8 shows 4 training pairs derived from a single textured mesh. In total, we generate

10,000 textured meshes, each yielding four training pairs, resulting in a dataset comprising

40,000 training pairs.

The next step is to train an undistortion network using the rendered dataset. For this,

we adapt an existing method called facevid2vid [266]. This method uses a source image

and a driving image to synthesize a talking-head image with appearance and head pose

derived from the source and driving images respectively. For our task, both the source and

driving images are the image with severe distortion, and the output image is the undistorted

image, which will be supervised by our rendered ground-truth. The facevid2vid consists of
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a couple of face feature extractors that can be applied to any face image regardless of the

downstream task. In order to harness this power, we choose to fine-tune the pretrained

model on our dataset instead of training from scratch.

During inference, given a face selfie If , we initially align it and subsequently utilize

the fine-tuned network for perspective undistortion. Fig. 3.9 shows results of perspective

undistortion on the face selfies. Following [266], we set learning rate as 2e-4, and batch size

as 8 for training.

3.5 Implementation Details

We present the implementation details, and the code will be publicly available after accep-

tance. Following Stable Diffusion [146], all images in our pipeline are square and share a

consistent resolution of 512.

3.5.1 Dataset Generation

We define one training pair as {(S′, I ′gt · M ′,M ′), I ′gt}, where S′ = {I ′f , I ′u, I ′ℓ, I ′s} is a set

of four synthetic selfies for face, upper body, lower body, and shoes respectively. I ′gt is the

ground-truth full-body image, and M ′ is the mask indicating the region to be inpainted.

We employ RealisticVision [228] as the pretrained Stable Diffusion with OpenPose Con-

trolNet v1.1 [322] to generate I ′gt. The guidance scale is set to 7.5, the denoising step is 20,

and the ControlNet scale is 1.0. OpenPose Skeleton images, used for guidance, are detected

from a subset of the Human Bodies in the Wild dataset [48]. Fig. 3.10 illustrates three

examples of these pose images. The text prompt used is “a [gender], [place], [upper], [lower],

[shoes], standing, front-facing, RAW photo, full body shot, 8k uhd, high quality, film grain”.

Here, [gender] can be man or woman, [place] includes common indoor and outdoor locations

such as beach, park, street, restaurant, cafe, shopping mall, etc. [upper] comprises shirt,

hoodie, sweater, jacket, etc., while [lower] includes jeans, leggings, shorts, etc., and [shoes]

covers sneakers, heels, boots, flats, etc. Additionally, we use CodeFormer [338] to enhance

the details of face regions in the generated I ′gt.

After obtaining the face-refined I ′gt, we utilize the human parsing network [301] to gen-

erate the semantic map of I ′gt. This map is then employed to extract the bounding box of
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Face Selfie Aligned Face Selfie Undistored Face Selfie

Figure 3.9: Results of our trained perspective undistortion network. Given a face selfie

(left), we first align it (middle), and then correct the perspective distortion (right).

the person. The bounding box is scaled up following the strategy outlined in [298] to obtain

M ′.

For the real selfies utilized in detecting typical keypoints for selfie simulation, we gather
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Figure 3.10: Examples of OpenPose skeleton images we use to generate ground truth full

body image.

sets of upper body, lower body, and shoes selfies, each comprising 10 examples. Fig. 3.11

illustrates one example from each pre-captured selfie category.

In total, we create a training dataset consisting of 39,816 pairs, encompassing diverse

individuals, clothing types, poses, and backgrounds.

3.5.2 Training

We initialize all network weights using the pretrained model provided by Paint-By-Example [298],

except for the adapted linear layer L (zero-initialized). For training, we set the learning

rate as 1e-5 and batch size as 12. We train the model for 9 epochs, taking around 36 hours

on 3 NVIDIA A100 GPUs.

3.5.3 Automatic Target Pose Selection

We develop an automatic selection strategy to help obtain Ir from the users’ photo collection

Φ. The selection criteria are based on the similarity between the clothing types in the input

selfies and a candidate image in Φ. This is because the more similar the clothing type is,

the more accurately the body shape (in this particular type of outfit) can be extracted from

Ir.

Specifically, we begin by utilizing the pretrained human parsing model [301] to obtain
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Upper Body Lower Body Shoes

Figure 3.11: Examples of in-the-wild selfies used to detect typical keypoints.

the semantic map of selfies Iu. We filter out semantic labels that occupy less than 21 pixels

and labels that do not belong to upper cloth (e.g ., pants, face). This results in a set of

upper body labels, denoted as Pu. The same process is applied to obtain lower body labels

Pℓ and shoes labels Ps. For a full-body reference photo in Φ, we use the same network to

obtain its semantic map. We filter out semantic labels that occupy less than 5 pixels and

labels that do not belong to the upper body, lower body, and shoes. The resulting set is

denoted as Pr. The matching score of each photo in Φ is computed by Pr ∩ (Pu ∪ Pℓ ∪ Ps).

Then we rank the candidate references based on the matching score, with higher scores

indicating better matches. Once reference photo Ir is selected, we obatin inpainting mask

M using the bounding box of Ir, scaled up by 1.1 times by default.

Fig. 3.12 (a) to (d) visualizes an example of the semantic map of selfies and the selected

reference photo.

3.5.4 Pose-Guided Generation

For generation, we set T = 50 and use DDIM scheduler for denoising. The ControlNet scale

is set to 1.0. In cases where the target pose involves spreading arms, the mask M might

sometimes become too large, potentially leading to the failure of preserving background

content in Ib. To help alleviate this issue, we apply the following strategy during the
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(a) Upper Body (b) Lower Body (c) Shoes (d) Ref Photo

Figure 3.12: Visualization of automatic target pose selection. The top row shows the input

selfies and candidate reference photos, and the bottom row shows their segmentation results.

denoising process. We dilate the foreground mask (the finer mask containing only the

human body) by 21 pixels, denoted as M̄ . Then, at each denoising timestep t, we compute

the denoised latent as:

zt−1 =


zft−1, if t ≤ sT

zft−1 · M̄ + zbt−1 · (1 − M̄), if t > sT

, (3.4)

where zft−1 is the foreground latent obtained using the selfie-conditioned inpainting model

(following the same process discussed in the main paper). zbt−1 is the background latent

obtained by adding noise to Ib by t − 1 steps using DDIM scheduler. We set s = 0.4.

This enables the generation of details in the surrounding area (e.g ., shadows) based on

the inpainting model in later timesteps (smaller t), while reasonably preserving background

content in the earlier timesteps (larger t).
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3.5.5 Fine-Tuning

We generate a “ground truth” for fine-tuning by resizing and placing a randomly selected

selfie image from the set S into the mask region M of the background image Ib. The full-

body inpainting prior learned by the trained model is used to determine where and how to

place the selected selfie image into the masked Ib.

Specifically, we first generate full body selfie In without any pose as condition. This is

achieved by using the same process as Pose-Guided Generation but omitting the modified

ControlNet. Suppose the upper body selfie Iu is selected for augmentation. We extract the

bounding box of the upper body in In based on the semantic map of In detected by the

human parsing network [301]. Then we resize Iu to have the same height as this bounding

box. The resize operation keeps the aspect ratio of Iu unchanged to avoid using an image

with the wrong scale. Finally, we paste this resized Iu to the masked Ib, ensuring the center

of resized Iu and the bounding box are the same.

In practice, we generate 20 different In as the candidate pool for augmentation. We

then repeat the above augmentation process (resizing and pasting) 200 times, each time

with In randomly chosen from the candidate pool, resulting in a dataset of 200 augmented

images. For fine-tuning, we set the learning rate to 5e-6 and the batch size to 4. The model

is fine-tuned for 400 steps, taking around 10 minutes on a single NVIDIA A40 GPU.

3.5.6 Appearance Refinement

To train the DreamBooth (with two concepts) using only one image for each concept, we

need to augment them to avoid overfitting. Specifically, we randomly resize the face selfie

If from a resolution of 350 to 450 and apply random zero-padding to create the augmented

image with a resolution of 512. The same operation is performed for the shoes selfie Is,

but with resizing resolution from 400 to 500. We generate 50 augmented images for If and

Is respectively. Then, we train a DreamBooth with two concepts using these two kinds of

augmented images. Specifically, we set the training text prompt for face and shoes as “a

sks face” and “a hta shoes” respectively. We set the learning rate as 5e-6, batch size as 4,

and fine-tune the RealisticVision Stable Diffusion model for 300 epochs, taking around 5
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minutes on a single NVIDIA A40 GPU.

To perform refinement, we use the pretrained human parsing model [301] to obatin the

face (shoes) region in Io, and use SDEdit based on trained DreamBooth to edit the face

(shoes). We then paste the cropped, edited image back onto Io. The same process is applied

(using the pretrained Stable Diffusion model) for the hands regions (left and right hands)

since hands are often invisible or incomplete in selfies.

3.6 Experiments

3.6.1 Dataset

We provide details on the data capture process for our pipeline. In a specific site, the

user is requested to capture five square images: face, upper body, lower body, shoes, and

background. Firstly, the user takes a face and upper body photos using the front camera,

holding the camera with either one or two hands. Subsequently, the user switches to the

rear camera to capture the lower body, shoes, and background photos. The entire process

usually takes less than 20 seconds.

To obtain the real photo as the ”ground truth,” we have another person take a full-body

photo of the user in a desired pose. This process should ensure that the real photos maintain

the same clothing, nearly identical facial expressions, and background.

3.6.2 Results

We show more results of Total Selfie in Fig. 3.13. Total Selfie can produce high-quality

full-body shots in diverse backgrounds, poses, outfits, and expressions, all while maintaining

reasonable shading and composition.

3.6.3 Ablation Study

Fig. 3.14 shows additional results of the ablation study, further demonstrating the effec-

tiveness of our final design.
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(a) Input Selfies (b) Target Pose (c) Background (d) Total Selfie

Figure 3.13: Results. The second column shows the Canny Edge images detected from

reference images (shown as insets). Regions inside yellow box of (c) are the masked regions.

Total Selfie generates realistic, full-body images of different individuals with diverse poses

and expressions against a variety of backgrounds, while preserving facial expression and

clothing.
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(a) Input

Selfies

(b) Target

Pose

(c) Back-

ground

(d) Ours-FT-

AR

(e) Ours-AR (f) Ours-FU (g) Ours

Figure 3.14: Results for different modules of our pipeline. The Canny Edge image in (b)

is detected from the reference image, inset. Regions inside the bounding box (c) are to

be inpainted. Generating without fine-tuning and appearance refinement (d) produces an

inaccurate outfit and identity. Through fine-tuning, the pipeline (e) generates the correct

outfit with reasonable shading but with the wrong identity. Without face undistortion, (f)

generates a face with more perspective distortion (i.e., exaggerated facial features), zoom

in for details. In contrast, the full pipeline (g) yields high-quality full-body selfies.

3.6.4 Baseline Comparison

Fig. 3.15 shows a comparison with all baselines. Total Selfie can produce high-quality full-

body shots in diverse backgrounds, poses, outfits, and expressions, all while maintaining

reasonable shading and composition.
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(a) Input

Selfies

(b) Back-

ground

(c) PBE (d) DisCo (e) LaDI-

VTON

(f) Dream-

Booth

(g) Ours (h) Real

Photo

Figure 3.15: Qualitative comparison with all baselines. For all methods (except for DisCo),

we used the Canny Edge of the real photo as the target pose (inset of (h)). For DisCo,

we used OpenPose Skeleton of the real photo as the target pose. Our pipeline clearly out-

performs baselines in terms of photorealism and faithfulness (zoom in for details, including

faces and shoes). Note that, while the selfies, background image, and real photo were cap-

tured in the same session, variations in lighting conditions, auto exposure, white balance,

and other factors may result in intensity and color tone differences.
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Chapter 4

GENERATING FIT CHECK VIDEOS WITH A HANDHELD
CAMERA

This chapter presents the research project Generating Fit Check Videos with a Handheld

Camera [35], conducted with Brian Curless, Ira Kemelmacher-Shlizerman, and Steven M. Seitz.

The subsequent analysis and comparisons to related studies in this chapter are based on

the prevailing state of the art at the time of this work.

With the rise in popularity of video platforms like Tiktok and Instagram Reels, self-

captured video has become a major industry. However, taking high quality full-body videos

of yourself is not straightforward. Anyone who has tried propping up their phone on a table

for a selfie, knows how difficult it is to frame a shot this way. For social media professionals,

the most common solution is to use a tripod-mounted camera, but this introduces its own

friction: creators must carry extra gear, guess at their framing without a reliable viewfinder,

and often retake videos multiple times to achieve a desirable result [7, 6, 200].

It would be much easier to stand in front of a full-length mirror and capture video with

your mobile phone. However, this introduces other problems: the camera is visible, the

framing is awkward (Fig. 4.1 top left), you have limited ability to move around, and the

viewpoint moves with you. These limitations highlight the need for a more convenient and

user-friendly solution for full-body video self-capture.

Our goal is to enable full-body selfie video capture with a handheld mobile phone. We

employ a full-length mirror to capture front and back selfie photos, for a range of applications

but with a particular focus on “fit check” videos (influencers trying on outfits) popular on

social media. Specifically, we provide the following capabilities:

• full-body self-capture with a handheld mobile phone that appears as if the camera

was mounted on a tripod
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Motion and Background Retrieval

Front Selfie Back Selfie IMU Recording 

Motion
Retrieval

Target Motion

Background 
Retrieval

Target Background

Fit Check Video Generation

Mirror Selfie Capture

Figure 4.1: From two mirror selfie photos (top-left), we generate a photorealistic video

of you performing a desired motion against a compatible desired background (bottom),

with realistic shading, shadows, and reflections. The motion is captured using your mobile

phone’s IMU sensors (top-right). A target use case is self-captured “fit check” videos of you

showing off an outfit.

• video output generated from image captures (i.e., mirror stills) – eliminating the need

to record full-body video

• accurate rendering of both the subject’s front and back

• virtual backgrounds with consistent shading

In short, we seek to provide the video you would have achieved with a tripod-mounted

camera and lots of practice in your desired environment.

Our solution is to separately capture your appearance (in a mirror), your movement

(from phone sensors), and a compatible background, and then compose them together into
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a desired video (Fig. 4.1). All steps are designed to be easy and quick to achieve with a

standard handheld mobile phone.

Solving this problem involves several challenges. First, we need to generate a video

from two mirror stills (selfies) and motion information; the video should maintain temporal

consistency, support human poses that differ from those in the input selfies, and accurately

preserve the subject’s outfit and face – all rendered from a stationary third-person viewpoint.

Second, the motion capture process must be simple and achievable using only a handheld

phone – this is especially challenging, as your body pose is high-dimensional and not fully

observable from the phone that you are carrying in your hand. Third, you should be

composited into the new background with realistic shading, shadows, and reflections.

Our solution for motion self-capture is to leverage the inertial sensor (IMU) present on

today’s mobile phones. Because your full body pose and motion are not typically fully

observable from your handheld phone, we rely on a database of pose sequences and seek

to retrieve the best match from IMU data. Once a motion is selected, we retrieve the top-

k backgrounds with the closest ground plane orientation to that of the selected motion’s

background, ensuring motion–background compatibility (Fig. 4.1, top right).

Given the motion and background, a straightforward approach to generating fit check

videos is to design a video diffusion-based human animation model that takes two mirror

selfies, a target motion, and a background image as input. However, adapting existing hu-

man animation methods [327, 254] faces two challenges: (1) they do not support additional

reference image inputs (i.e., back selfies), and simple modifications to include them lead to

outfit inaccuracies; and (2) they often produce low-quality frames with blurriness and poor

human-scene composition (e.g ., weak reflections on reflective floors). To overcome these

issues, we introduce a novel, parameter-free frame generation strategy and a multi-reference

attention mechanism that jointly enable effective use of all input selfies. Furthermore,

we propose an effective image-based fine-tuning strategy using a synthesized, task-specific

image dataset to enhance sharpness, reflections, and shadow rendering while maintaining

temporal consistency. Our contributions are as follows:

• We demonstrate a novel application to capture full-body, fixed-viewpoint fit-check
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videos from handheld mobile phones. Our approach supports customized motion

capture and matching, and virtual background with reasonable shading and shadows.

• We design a parameter-free frame generation strategy, as well as a multi-reference

attention mechanism, to effectively integrate multiple reference images into human

animation methods based on video diffusion models.

• We introduce an image-based fine-tuning strategy that enhances frame quality, im-

proving sharpness, reflections, and shadow rendering. This architecture-agnostic strat-

egy can be applied to other human animation models.

4.1 Related Work

Diffusion Models for Human Image Animation. Human image animation aims to

animate a single static human image to generate a human video. In this section, we review

diffusion-based approaches, as they have shown superior generation quality compared to

GAN-based methods [29, 213, 234, 235, 272, 292, 315, 324, 329].

Diffusion-based approaches for human image animation can be categorized into two main

types. The first category [343, 106, 134, 193, 163, 296, 295, 31, 108, 109, 276, 275] builds

on top of an image diffusion model [216], where additional temporal layers, appearance

and pose encoding strategy are designed based on the image diffusion model to ensure the

temporal consistency, appearance and pose fidelity. For example, Animate Anyone [106]

introduced ReferenceNet to inject reference image features into diffusion models and em-

ployed a pose guider (skeleton-based) to ensure accurate motion. Training occurred in two

stages: first, diffusion model was fine-tuned on image pairs without temporal constraints;

second, the added temporal layers (initialized by AnimateDiff [84]) were optimized using

multi-frame videos. Champ [343] extended this approach by incorporating SMPL-based

pose signals [198] for improved alignment. However, these methods suffer from jitter and

temporal inconsistencies due to their reliance on image diffusion models, requiring extra

training for temporal layers.

The second category [254, 327, 262, 245, 267, 229, 156, 268, 260, 270, 92, 61, 337,
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269] builds on video diffusion models [20, 304, 259] with stronger temporal consistency.

StableAnimator [254] proposed an video diffusion-based pipeline with an identity-aware

appearance controller to generate videos with improved identity preservation, conditioned on

skeleton input. MimicMotion [327] introduced a confidence-aware pose guidance mechanism

(in skeleton format) and regional loss amplification to enhance video quality and reduce

distortions. However, these methods tend to produce frames that are slightly blurrier than

image diffusion-based approaches.

In summary, both methods assume a single front-facing reference image without motion

customization. We build on MimicMotion for our task due to its strong appearance and tem-

poral consistency and its wide adoption in the community [55, 133]. We redesign the frame

generation strategy and attention mechanism and introduce a fine-tuning stage, enabling

the use of multiple reference images and producing sharper, higher-quality frames. While

based on MimicMotion, our pipeline can be readily adapted to other video diffusion-based

methods with minimal changes.

Personalization Technique. This line of work personalizes foundation models for im-

age [219, 73, 143, 220, 307, 263, 153, 97] and video generation [274, 278, 203, 96, 316, 141,

186]. Personalized video synthesis methods generate videos from reference images, primarily

using text prompts to control motion, background, and appearance. In contrast, we enable

finer control by incorporating a spatially aligned per-frame pose sequence and a specified

background.

Selfie-Related Applications. Numerous studies have studied selfies for tasks like repos-

ing [175], face recognition [23, 142], style transfer [151], novel view synthesis [8, 16, 124, 34],

but none address mirror selfies for full-body animation.

4.2 Method

Task Definition. As input, the user captures two full-body mirror selfies – front view Ifr

and back view Ibk – and records motion using a mobile phone’s IMU. This motion is used

to retrieve a target pose sequence, P1:N , where N is the sequence length. Finally, a target

background Ibg is retrieved. Given these inputs, we generate a fit check video, V̂1:N , with

the person following the target poses within the target background (Fig. 4.2 right).
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Figure 4.2: Method Overview. Left : We train our model on a fit-check video dataset

using pairs of front and back images, GT video frames, an inpainted background, and a

pose sequence.1 Our frame generation strategy and multi-reference attention effectively

encode features of multiple reference images. Middle: We fine-tune the trained model on a

high-quality image dataset, supervising the generated frames using the input front or back

image to enhance frame quality. Right : During inference, the method takes front and back

selfies, a retrieved pose sequence, and a retrieved background as input, generating a video

with the first two frames removed. The VAE decoders are omitted.

Training Data for Human Animation. As no dataset contains paired mirror selfies

and fit check videos, we build our dataset using fit check videos taken from third-person

viewpoints. We found this data sufficient for training the model to handle selfie inputs effec-

tively. Each training pair consists of an input set {I ′fr, I ′bk, I ′bg, P ′
1:T } and its corresponding

ground-truth (GT) video V ′
1:T . Here, V ′

1:T comprises T consecutive frames sampled from a

fit check video V ′
1:N (N ≥ T ), while P ′

1:T represents the corresponding extracted poses in

DWPose [302] format. The background image I ′bg is extracted under the assumption of a

static camera, with occluded regions (not visible across all frames) inpainted using Stable

Diffusion [216]. The front and back view images, I ′fr and I ′bk, are randomly sampled from

V ′
1:N and have their backgrounds removed using [210], as the original background is not

needed during testing.
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Next, we first discuss the human animation component, assuming poses and back-

ground have been retrieved. We begin with a naive animation method and its limitations

(Sec. 4.2.1), which motivate our frame generation strategy (Sec. 4.2.2) and multi-reference

attention (Sec. 4.2.3). Next, we introduce an image-based fine-tuning strategy to enhance

frame quality (Sec. 4.2.4) and conclude with retrieval (Sec. 4.2.5). Fig. 4.2 provides an

overview of our method.

4.2.1 Naive Method

Our naive method builds on MimicMotion [327], a video-diffusion human animation frame-

work that integrates pose and appearance features. The original model assumes one refer-

ence image and a driving pose sequence, which is incompatible with our setting. We thus

extend its feature-integration mechanism to (1) aggregate appearance features from multi-

ple reference images, and (2) condition generation on a target background image. We will

first describe the model training before detailing feature integration.

Model Training. We adopt the EDM diffusion framework [127] for model training. We

use the ground-truth sequence V = [I ′fr, V
′
1:T ]t as supervision, where [·, ·]t is temporal con-

catenation. Here, I ′fr is treated as the first ground-truth frame. This follows MimicMotion’s

base model, an image-to-video method trained to generate the first frame identical to the

input image. We use I ′fr instead of I ′bk as MimicMotion assumes a front-facing input, and we

continue training from their pretrained model. During training, we update the pose encoder

(introduced later) and the denoising network. Please refer to the left box “Training: Video

Dataset” in Fig. 4.2 for visualization. Note that, the naive method passes only the poses

of V = [I ′fr, V
′
1:T ]t through the solid purple arrows, and does not generate the back image

(bottom, purple border) in the output.

Feature Integration. Three features are integrated into the denosing network. First, VAE

feature fv = [Ev(I ′fr), Ev(I ′bk), Ev(I ′bg)]c is obtained by passing I ′fr, I
′
bk, and I ′bg through the

VAE encoder Ev, where [·, ·]c is channel-wise concatenation. This feature is duplicated

along the temporal axis, channel-concatenated with the noisy latent, and then fed into the

denoising network. Second, the image features are extracted as fim = Eim(I ′fr) +Eim(I ′bk),

where we use addition instead of concatenation, as it improves results in practice. Here,
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Eim is implemented as a CLIP encoder [206], and its output feature fim is integrated into

the denoising network via cross-attention layers. Third, pose features are extracted as fp =

Ep([P
′
fr, P

′
1:T ]t), where Ep is implemented the same as the pose encoder in MimicMotion and

P ′
fr is the DWPose of I ′fr. Finally, fp is integrated into the denoising network by adding it to

the output of denoising network’s first layer. All these modifications are natural extensions

of design of MimicMotion. Reference Image Augmentation. During training, I ′fr and

I ′bk are sampled from the same video as the GT sequence, resulting in similar lighting and

shading. At test time, we use selfies and new backgrounds with different lighting. To

bridge this gap, we augment training data by adjusting the color tone of I ′fr and I ′bk to

match random backgrounds using a pretrained image harmonization network [42] (details

in supplementary). This approach outperforms image relighting-based augmentation [323],

which tends to overmodify shading and distort clothing patterns.

Model Inference. We replace {I ′fr, I ′bk, I ′bg, P ′
1:T } with {Ifr, Ibk, Ibg, P1:N} during inference.

Starting from a random noise, the model progressively denoises it to obtain a clean latent,

which is then decoded by the VAE decoder to generate frames. We remove the first frame

because it is the same as Ifr. Since this process only produces T + 1 frames, we adopt the

progressive latent fusion strategy from [327] to generate N frames (N ≥ T ). This method

segments the sequence into overlapping segments with T + 1 frames, denoises each segment,

and fuses them to generate a N-length video V̂ 1:N . To better preserve identity, we refine

the face in generated frames using a pretrained face refinement method [50], with Ifr as

the reference. Fig. 4.2 (right) visualizes the process, where the naive method also does not

produce the back-view frame with the purple border.

Fig. 4.3 (b) shows a frame generated by our naive design, which struggles to reconstruct

patterns on the upper clothing in the back view. This shows that simply injecting features

from feature encoders into the network is insufficient for effectively utilizing the additional

reference image Ibk.

1 This example is for illustration only and is not used for training.
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(a) Inputs (b) Naive (c) Naive +

RefNet

(d) Naive +

FG

(e) Naive+

FG+MRA

(f) Ours: (e)

+ FT

Figure 4.3: Model Ablations. The inputs are shown in (a). The naive method (b) fails to

render accurate back views. ReferenceNet (c) improves back-view generation but introduces

hood artifacts and blurs text. Additionally, it requires extra parameters, reducing model

efficiency. Our frame generation strategy (d) produces better back views than (b) without

extra parameters, though text remains blurry. Multi-reference attention (e) enhances back

view patterns, and adding the fine-tuning stage (f) delivers sharp, recognizable text.

4.2.2 Frame Generation Strategy

The goal is to improve the naive model by effectively integrating Ibk for accurate back-view

reconstruction. One option is to add a ReferenceNet [106, 262], which extracts features from

the front and back images and injects them into the denoising network via self-attention. As

shown in Fig. 4.3(c), this design captures back text (though blurry) but introduces unwanted

white patterns around the hood. Moreover, ReferenceNet increases model parameters and

training time by about 1.5×, making it computationally inefficient.

We observe that the front-view clothing pattern is well reconstructed, likely because

Ifr is always generated as the first frame, allowing its features to propagate through the

video due to strong frame-to-frame consistency. Motivated by this, we propose a simple,

parameter-free frame generation strategy (Fig. 4.2 left). Our insight is that enforcing the

front and back views as the first frames leverages the video model’s consistency, ensuring

key visual details, such as clothing patterns, remain coherent throughout the sequence.

Specifically, we treat the back-view image as the second ground-truth frame, enhancing the

naive approach by setting V = [I ′fr, I
′
bk, V

′
1:T ]t and fp = Ep([P

′
fr, P

′
bk, P

′
1:T ]t), where P ′

bk
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represents the DWPose of I ′bk. During inference, the model generates T + 2 frames at once

(through multiple denoising steps), and we discard the first two frames.

As shown in Fig. 4.3 (d), this substantially improves back-view accuracy over the naive

method (b) and achieves results comparable to ReferenceNet (c), but with fewer parameters,

reduced training time, and no hood artifacts. However, the text in (d) remains blurry and

unreadable.

4.2.3 Multi-Reference Attention

To better reproduce patterns from input images, we design a multi-reference attention

mechanism, building on top of our frame generation design. Our key idea is to modify the

denoising network’s spatial self-attention layers to better integrate features from multiple

reference images into other frames (see Fig. 4.4). Specifically, we define a feature map

from a self-attention layer as x1:(T+2) ∈ R(T+2)×H×W×C , where H, W, and C represent

the height, width, and channel size of the feature map, respectively. Based on our frame

generation design, we extract the reference image features as xfr = x1 and xbk = x2, both

having dimensions 1 × H × W × C. Then we duplicate xfr and xbk along temporal axis

T times. Next, we augment x3:(T+2) (i.e., feature maps of other frames, excluding x1 and

x2) by concatenating them width-wise with xfr and xbk. Further, we concatenate x1 with

[xfr, xfr]w and x2 with [xbk, xbk]w, both along the width dimension, for batch processing,

where [·, ·]w is width-wise concatenation. Finally, we apply self-attention and extract the

first third of the output feature map along the width dimension as the output, similar to

[106]. The key difference from [106, 262] is that those methods apply self-attention using

reference features from ReferenceNet, while ours directly uses features from the denoising

network. Our design offers two advantages: (1) it ensures that xfr, xbk, and x3:T+2 share

the same feature space, enabling effective fusion, and (2) it is more efficient, avoiding extra

parameters by removing the need for ReferenceNet.

As shown in Fig. 4.3 (e), adding multi-reference attention sharpens text details compared

to (d), though the word “HARMONY” remains a bit hard to recognize.



57

…

Self-
Attention

T
frames…

Back

Front

H

W
C 3W

H
C

…

Figure 4.4: Multi-Reference Attention. Given a pre-attention feature map (left), we

duplicate and concatenate the front (blue) and back (green) features with all frame features

(gray) (middle). For batch processing, the front and back features are also concatenated

with themselves. The combined features then pass through self-attention layers, and we

extract the first third of the output along the width axis as the final result (right).

4.2.4 Image-Based Fine-Tuning

To improve frame quality, we introduce an image-based fine-tuning strategy consisting of

two steps: (1) constructing a task-specific, high-quality image dataset, and (2) fine-tuning

the model on this dataset while maintaining temporal coherence. We did not apply high-

quality video fine-tuning due to two challenges: (1) it is difficult to obtain fit check videos

(with both front and back views) of higher quality than our training data, and (2) motion

blur in videos often degrades sharpness. Fig. 4.2 (middle) shows a visualization.

Constructing Image Dataset for Fine-Tuning. Our goal is to construct training pairs,

each consisting of an input set {I ′fr, I ′bk, I ′bg, P ′
gt} and a corresponding ground-truth image

I ′gt. Obtaining real-world images I ′fr, I ′bk, and I ′gt of the same person within identical

backgrounds is challenging; thus, we opt for synthetic dataset creation. To construct each

training pair, we first collect real front-view images (I ′fr) from the web, prioritizing those

with visible reflections or shadows to improve the model’s ability to render realistic lighting

effects. Next, we employ a pretrained image reposing method (the first stage of [106]) to

synthesize the corresponding back-view images (I ′bk). We set the ground-truth I ′gt as either

I ′fr or I ′bk, obtaining I ′bg by inpainting the foreground and shadow or reflection regions of

I ′gt. P ′
gt is derived from the selected I ′gt. In addition, I ′fr and I ′bk undergo matting when

used as input.
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Fine-Tuning Video Models on Image Dataset. We fine-tune our trained model using

constructed image pairs, where the ground-truth image I ′gt and its corresponding pose P ′
gt

are duplicated T times to match the required input sequence length. In practice, this

duplication strategy leads to better temporal consistency compared to fine-tuning with

non-duplicated sequences (i.e., setting T = 1). Inspired by [41], we fine-tune only the

spatial layers of the model to preserve its temporal coherence. During fine-tuning, we select

I ′fr as GT 80% of the time, and I ′bk 20% of times. This balance is chosen because I ′bk is

synthetically generated and may contain artifacts, while completely omitting it would lead

to model collapse, causing the model to generate only front views, even for back-facing input

poses. As part of data augmentation, we randomly shift and scale I ′gt, P
′
gt and I ′bg, filling

undefined regions with white pixels.

Fine-tuning on high-quality images with shadows and reflections for just 30 minutes on

a single NVIDIA A100 GPU improves frame sharpness and human-scene composition (i.e.,

more realistic shadows and reflections). As shown in Fig. 4.3 (f), it also sharpens text.

Our fine-tuning strategy is architecture-agnostic and applicable to other human animation

models. See supplementary for examples of shadow and reflection improvements.

4.2.5 Motion and Background Retrieval from IMU

Motion Acquisition. A motion generation model could map IMU data to motion, but

existing approaches have key drawbacks: (1) they require multiple IMUs or motion capture

devices [256, 308, 64, 118, 317], while we use only a single phone, or (2) they suffer from

foot sliding and jittering with sparse input [183, 294, 250, 320]. Given these limitations,

we adopt motion retrieval instead. However, prior retrieval methods [201, 17, 72, 230, 152]

rely mainly on text queries, which do not suit our setting. Training an IMU-to-motion

retrieval model is also challenging due to the lack of large-scale paired mobile IMU and

motion datasets, and synthetic data [178] introduce a domain gap, as real phone IMUs are

noisy and optimized for non-motion tasks.

Instead, we propose an IMU-based motion retrieval approach that matches recorded

orientation and translation to a database of fit check motions. The idea is to retrieve the

top-k closest matches by computing dynamic time warping (DTW) distances between the
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recorded and candidate motions’ orientation and translation (details in supplementary).

Background Acquisition. The retrieved motion must align naturally with the virtual

background’s ground plane. Given the retrieved motion, we select the top-k backgrounds

whose ground plane orientation best matches that of the motion’s original background

(details in supplementary).

4.3 Experiments

In this section, we evaluate the human animation component. Implementation details and

motion retrieval evaluation are provided in the supplementary.

Datasets. We collect 1,590 fit check videos from the web, each featuring a single person

with both front and back views. The average length is 9.5 seconds, and subsampling every

4 frames yields about 72 frames per video. The dataset is split into 1,441 training and

149 test videos. Body orientation is estimated per frame using a pretrained SMPL-based

detector [155], classifying frames as front (330°–30°) or back (150°–210°). For fine-tuning,

we collect 122 front-view web images to form 122 fine-tuning pairs. In addition to our test

set, we also evaluate on widely used datasets, TikTok [113] and UBC Fashion [318].

To evaluate our selfie task, we create a self-capture dataset with front and back mirror

selfies from 8 individuals wearing various outfits, totaling 24 captures. We record a “ground

truth” fit check video for each capture, maintaining the same clothing and a nearly identical

background image.

Our Results. We present the results of our method in Fig. 4.5. First, our method generates

realistic fit-check videos with diverse poses while consistently preserving identity, even from

selfie inputs. Second, our method effectively leverages both the front and back selfies to

reconstruct a plausible outfit appearance across various clothing types (e.g ., dresses, pants,

shorts). Observe the detailed rendering of the person holding the pants in row 3, column

7. Third, our method naturally composites the person into diverse indoor and outdoor

backgrounds with realistic lighting, reflections, and shadows. Please see more results in

supplementary.

Fig. 4.6 shows results of the same capture composited into various virtual backgrounds.

Despite the input selfie having strong left-sided lighting, our method successfully relights
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Figure 4.5: Our Results. The left two columns show the input selfies and background,

while the right six columns display the generated results (inset: pose input, locations ad-

justed to avoid occlusion). Given mirror selfies with various outfits and lighting conditions,

our method generates realistic fit-check videos, accurately capturing appearance across di-

verse poses. Additionally, it generates reflections (rows 1–3) and shadows (row 4) on the

ground, ensuring natural integration with both indoor and outdoor backgrounds.

the person to match each background’s illumination, enabled by our reference image aug-

mentation strategy and the learned prior of the video diffusion model.

Baselines. To our knowledge, no prior work directly addresses our task. So we adapt four



61

Figure 4.6: Results with the Same Capture under Different Virtual Backgrounds.

The first column shows the input selfies and target pose; the others show results under

different virtual backgrounds (insets: input backgrounds). Despite strong left lighting in

the selfies, our method adapts shading to each background.

human animation methods as baselines: (1) Animate Anyone [106] uses ReferenceNet to

extract features from a single reference image. We extend it to extract features from both

front and back selfies and integrate them into the denoising network. The background image

is encoded by the VAE and incorporated into the denoising network in the same manner as

noisy latents, aligning with our design. (2) Champ [343] builds on Animate Anyone with

additional pose signals (e.g ., SMPL). We adapt it in the same way as (1) with additional

pose inputs. (3) StableAnimator [254]. (4) MimicMotion [327]. Both (3) and (4) are video

diffusion-based methods adapted in the same way as our naive method, except without

reference image augmentation. All baselines share our input setup (except Champ with

additional pose input). For fair comparison, we initialize each model with its pretrained

checkpoint and continuing training them on our dataset. More details are in supplementary.

Comparison with Baselines. First, we present a qualitative comparison with baselines

on our selfie dataset in Fig. 4.7. Image diffusion-based methods, Animate Anyone (b) and

Champ (c), leverage back selfies via ReferenceNet to improve back-view generation but in-

troduce artifacts and temporal inconsistency, causing background jitter. All baselines fail to

produce realistic ground reflections, reducing realism, while our method generates reason-
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(a) Inputs (b) Animate

Anyone

(c) Champ (d) StableAn-

imator

(e) MimicMo-

tion

(f) Ours (g) Real

Frame

Figure 4.7: Qualitative comparison with baselines. Inputs and real frame are shown in

(a) and (g), respectively. The input pose is detected from the real frame. Image diffusion-

based methods (b) and (c) fail to generate accurate back views and exhibit poor temporal

consistency, causing background jitter and artifacts (see top-left blue text in the first row

of (b)). Video diffusion-based baselines (d) and (e) generate completely wrong back views.

Our method (f) achieves accurate outfit rendering and realistic ground reflections. Note

that background images and real videos, though captured in the same session, may vary in

intensity and color tone due to auto-exposure and white balance.

able reflections, demonstrating the effectiveness of the shadow and reflection enhancement

in the fine-tuning stage. Overall, our method delivers accurate outfits, realistic reflections,

and strong temporal consistency.

Tab. 4.1 presents the quantitative results. Champ achieves a better LPIPS score than

other baselines due to its sharp image diffusion-based frame generation. However, both

Champ and Animate Anyone perform poorly on video metrics (FID-VID, FVD), indicating

temporal inconsistency. Our model outperforms all baselines across all metrics. Additional

qualitative and quantitative comparisons on selfie captures, datasets (our test set, UBC

Fashion, TikTok), and videos are in the supplementary.

Human Study. We conducted a user study with 21 participants, each rating four identical

videos (on a 1–5 scale, higher is better) across three aspects: body size accuracy, garment

accuracy, and realism. Our method achieved average scores of 3.88, 4.08, and 3.75, outper-
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Table 4.1: Quantitative Comparisons on Self-Captured Dataset. All methods are

evaluated without face refinement as post-processing and the target poses are detected from

the captured real videos. Our method outperforms all baselines and variants.

Method LPIPS ↓ SSIM ↑ PSNR ↑ FID ↓ FID-VID ↓ FVD ↓

Animate Anyone [106] 0.428 0.429 14.12 128.9 65.33 1158

Champ [343] 0.410 0.402 13.86 121.8 61.17 1108

StableAnimator [254] 0.422 0.454 14.70 131.5 60.09 982.8

MimicMotion [327] 0.413 0.458 14.69 123.6 59.63 947.8

Ours-FG-MRA-FT 0.411 0.459 14.67 123.5 60.41 925.4

Naive + RefNet 0.403 0.463 14.77 123.4 59.58 922.2

Ours-MRA-FT 0.398 0.468 14.98 123.4 57.00 921.6

Ours-FG 0.404 0.462 14.92 124.2 53.45 895.8

Ours-MRA 0.386 0.478 16.17 118.6 53.92 871.0

Ours-RIA 0.384 0.491 16.36 119.0 52.98 866.6

Ours-FT 0.395 0.471 15.29 121.9 55.87 910.8

Ours-FT + Joint Training 0.391 0.481 16.12 120.2 53.42 891.3

Ours-FT + Full FT 0.383 0.489 16.41 118.3 53.12 924.1

Ours 0.381 0.497 16.80 116.6 51.69 854.9

forming the best baselines – 3.20 (MimicMotion), 2.88 (Champ), and 2.82 (MimicMotion),

respectively. See supplementary for more quantitative results for the three aspects.

Ablation Study. We test the following variants: (1) Ours-FG-MRA-FT : naive implemen-

tation. (2) Naive+RefNet : naive implementation with ReferenceNet. (3) Ours-MRA-FT :

our model without multi-reference attention and fine-tuning, same as Naive+FG in Fig. 4.3.

(4) Ours-FG : our model without frame generation strategy, where multi-reference atten-

tion is modified to use only the first frame rather than the first two. (5) Ours-MRA: our

model without multi-reference attention. (6) Ours-RIA: our model without reference im-

age augmentation. (7) Ours-FT : our model without fine-tuning, same as Naive+FG+MRA

in Fig. 4.3. (8) Ours-FT+Joint Training : our model replacing image-only fine-tuning in

Sec. 4.2.4 with joint fine-tuning on image and video data. We use the same image data as
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(a) Input selfies and pose (b) Background (c) Ours

Figure 4.8: Limitations. (a) and (b) show the inputs; in (b), the sun direction is not from

the front. Our method (c) misestimates the sun direction, causing incorrect shadow.

in Sec. 4.2.4 together with our fit check training videos. (9) Ours-FT+Full FT : our model

replacing spatial-layer-only fine-tuning in Sec. 4.2.4 with full fine-tuning of the denoising

network.

Tab. 4.1 and Fig. 4.3 show that our final model outperforms all variants. Beyond the

discussion in Sec. 4.2, we observe: (1) Ours surpasses Ours-RIA, validating the benefit of

reference image augmentation. (2) Ours outperforms Ours-FT + Joint Training and Ours-

FT + Full FT, demonstrating the advanatge of fine-tuning only the spatial layers. Please

see supplementary for additional results.

Limitations. Our method has several limitations. First, it fails to generate realistic shad-

ows when compositing subjects into sunlit backgrounds (Fig. 4.8). Second, constrained by

the base model of MimicMotion, it cannot faithfully render fine details such as hands and

intricate textures. Third, the background in generated frames might have slight color shift

compared to the input background due to the use of VAE and the color shift between frames

in training videos. These issues could be mitigated by adopting a more advanced video dif-

fusion model. Moreover, our motion capture method does not model arm movements due to

the single-phone IMU setup; integrating additional IMUs (e.g ., from a smartwatch) could
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address this. Lastly, while the model performs well with the current dataset, scaling up

training data can further improve the model.
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SUPPLEMENTARY MATERIAL

4.4 Motion and Background Retrieval

Motion Acquisition. For motion retrieval, the key idea is to retrieve the top-k closest

matches by computing dynamic time warping (DTW) distances between the recorded and

candidate motions’ orientation and translation. For orientation, we focus on the horizontal

direction (yaw) since a mobile phone’s IMU provides a more robust estimate in this axis

compared to roll and pitch. Moreover, yaw captures spinning, which, along with translation,

effectively represents most of the motions. For simplicity, we define orientation as yaw

throughout the rest of the paper. Below we introduce the details of motion retrieval.

First, the user performs a motion while holding a phone, recording IMU data to obtain

orientation O1:Ñ and global translation T1:Ñ , where Ñ is the motion length. Here, the

orientation is directly derived from the device’s motion sensors, while the global translation

is computed through a multi-step process. First, we filter the acceleration data to reduce

noise. Then, we integrate the filtered acceleration to obtain velocity, followed by a second

integration to derive translation over time.

For each candidate motion i in the database (stored as RGB video), we extract the

SMPL [198] sequence Si
1:N̄

and global translation T i
1:N̄

using a pretrained human pose es-

timator [155], where N̄ is the motion length. The candidate’s orientation Oi
1:N̄

is obtained

from the yaw component of the global rotation of the root joint in Si
1:N̄

. We compute the

distance between the recorded motion and each candidate as:

Di = Ddtw(O1:Ñ , Oi
1:N̄ ) + αDdtw(T1:Ñ , T i

1:N̄ ), (4.1)

where Ddtw is dynamic time warping (DTW) to handle sequences of different lengths. α =

0.1 is a constant that balances orientation and translation importance. All candidates are

ranked based on Di, and the top-k motions are retrieved for user selection. After selection,

we extract the DWPose sequence P1:N as target pose sequence.
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In practice, we set our motion database to the same as our training set, as the training

videos consist of fit check videos, which provide well-suited motions.

Background Acquisition. The retrieved motion must be compatible with the new back-

ground, ensuring natural alignment with the ground plane. One approach is to rotate the

SMPL sequence of the retrieved motion to align with the ground plane of any given back-

ground, and then extract DWPose from the rendered motion. However, this fails due to

foot sliding in the estimated SMPL sequence. Instead, we opt for background retrieval,

selecting backgrounds where the ground plane is closely aligned with the retrieved motion.

Specifically, we begin by utilizing a pretrained depth estimation model [264] and a pre-

trained image segmentation model [114] to estimate the ground plane normal for both the

original background – where the motion was captured – and all candidate backgrounds.

Then, we retrieve the top-k backgrounds from our database with the closest ground plane

normals. Once a background is selected, we automatically scale and translate P1:N to keep

foot keypoints on the ground.

For our background database, we curate a diverse database of indoor and outdoor envi-

ronments, consisting of 800 images, including both AI-generated and real images.

4.5 Implementation Details

We will introduce the implementation details below, and all the images and videos are

operated in the resolution of height 1024 and width 576, same as the MimicMotion. We

will release the code upon acceptance.

4.5.1 Our Method

Reference Image Augmentation. During training, we apply a pretrained image harmo-

nization network [42] to adjust the color tone of the front and back reference images, I ′fr

and I ′bk. This network takes a composite (unharmonized) image and a foreground mask as

input, then produces a harmonized image where the foreground seamlessly blends with the

background.

For each reference image, we first apply a pretrained image matting method [210] to

obtain the foreground mask. We then randomly select a background image from our back-
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ground database and composite it with the extracted human foreground to create a com-

posite image. The composite image and its corresponding foreground mask are fed into

the image harmonization network, which adjusts the foreground color to better match the

background. After obtaining the harmonized output images, we remove their backgrounds

and use the resulting images as training data. We apply this process independently to both

I ′fr and I ′bk, using different background images for each. This is to accommodate the natural

color tone variations between front and back selfies at test time, even when captured almost

simultaneously.

Model Architecture and Parameters. We adopt the 3D denoising UNet, image encoder,

pose encoder, VAE encoder, and VAE decoder architectures from MimicMotion [327]. Due

to computational constraints, we set T to 6, which means each training batch contains 8

frames (including front and back reference image). Larger T can be used if more computa-

tional resource is available. While we train on 8 video frames per batch, we find that the

model can be extended to generate 16-frame or 24-frame sequences at test time, improving

efficiency without a noticeable loss in quality.

Model Training. We initialize the model using the pretrained checkpoint “MimicMo-

tion 1.pth” from MimicMotion. We did not apply regional loss amplification in MimicMo-

tion because we found that this does not improve the results in our experiments. During

training, we randomly sample the front and back view images, I ′fr and I ′bk, from the train-

ing video V ′
1:N . To sample a T -length sequence V ′

1:T from the training video, we apply the

following strategy:

• Randomly select frames from the video (20% of the time)

• Select a sequence containing at least one front-facing frame (not necessarily I ′fr) (40%

of the time)

• Select a sequence containing at least one back-facing frame (not necessarily I ′bk) (40%

of the time)

Additionally, we apply reference image augmentation to both I ′fr and I ′bk for 50% of

time.
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During training, each conditioning feature – fv, fim and fp – is randomly dropped (set

to zero) 10% of the time, following the classifier-free guidance method [104]. This allows

us to control the strength of each conditional signal during inference. Training runs on a

single NVIDIA A100 GPU with a batch size of 1 and a learning rate of 1e-5, for 220K steps

(around 112 hours).

Model Fine-Tuning. We fine-tune the trained model on a high-quality image dataset.

The shadow and reflection regions are manually annotated. During fine-tuning, we omit

reference image augmentation, as we observe that the model becomes confused by color

tone shifts, resulting in frames with unnatural colors. We use the same strategy as the

training time to drop the conditioning feature. We apply a weighted loss strategy during

fine-tuning. Specifically, we assign a higher weight β = 2 to the loss computed in the

shadow and reflection regions, while maintaining a weight of 1 for the rest of the region.

For optimization, we use a learning rate of 1e-6 and fine-tune for 1K steps, which takes

approximately 30 minutes.

Model Inference. At inference, we set the guidance scale to 2 and the number of overlap-

ping frames to 4. The denoising time step is set to 25, and we use the Euler scheduler [127].

4.5.2 Baseline Details

Human Animation Baselines. We initialize all baselines from their pretrained check-

points and train them on our dataset on a single NVIDIA A100 GPU for a fair comparison.

Additionally, we set the frame length for all baselines to 8, aligning with our settings.

For Animate Anyone[106], since the official code is unavailable, we choose to use a widely-

adopted unofficial implementation[184]. We follow the same hyperparameter settings as this

codebase. The first stage of training runs for 100K steps, taking approximately 40 hours to

converge. The second stage runs for 40K steps, requiring around 24 hours to complete. We

observe that further training degrades performance.

For Champ [343], we use the official code. The first stage of training is conducted for

100K steps, taking approximately 35 hours to converge. The second stage runs for 40K

steps, requiring about 20 hours to complete. Similar to Animate Anyone, we find that



70

additional training negatively impacts performance.

For StableAnimator [254], we follow the official implementation and train the model for

220K steps with a learning rate of 1e-5, taking approximately 132 hours to complete.

For MimicMotion [327], since no training code is provided, we implement our own train-

ing procedure. We train the model for 220K steps with a learning rate of 1e-5, which takes

around 99 hours to complete.

Motion Retrieval Baseline. As there are no existing IMU-to-motion retrieval baselines,

we adopt the text-to-motion retrieval method TMR[201] as our baseline. We use the official

implementation and run the pretrained model (trained on the HumanML3D dataset[83]) on

the recorded motion and our motion database to retrieve the top-k matching motions.

4.6 Experiments

4.6.1 More Results for Selfie Input

Fig. 4.10 presents additional results of our method on real selfie captures. Our approach

generates high-quality fit check videos featuring diverse outfits in both indoor and outdoor

settings, accurately capturing a wide range of poses with realistic shading, reflections, and

shadows.

4.6.2 Comparison with Baseline

Datasets

In addition to evaluating our model on the self-captured real selfie dataset presented in the

main paper, we conduct further analysis on three additional test sets: (1) the test set from

our self-collected dataset, (2) the test set of UBC Fashion dataset [318], and (3) the TikTok

dataset [113]. We filter out videos that do not include a back view. After filtering, our

dataset test set contains 149 videos, with an average of 68 frames per video. The UBC

Fashion dataset consists of 100 videos, averaging 98 frames per video, while the TikTok

dataset includes 19 videos, with an average of 115 frames per video.

For evaluation, we randomly sample a front and back image as reference inputs, while

the input pose sequence is extracted from the corresponding ground truth (GT) video. The
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Figure 4.9: Results with the Same Capture under Different Virtual Backgrounds.

The first column shows the input selfies and target pose; the others show results under

different virtual backgrounds (insets: input backgrounds). Despite strong left lighting in

the selfies, our method adapts shading to each background.

input backgrounds in our test set and the TikTok dataset are obtained using the same

inpainting strategy as in our training set. However, for the UBC Fashion dataset, we use

a plain white background instead, as inpainting a nearly white background with Stable

Diffusion introduces artifacts. Finally, we compare the generated video with the GT video.

Notably, the input reference images in these datasets are captured from a third-person

perspective rather than as selfies. This setup enables us to evaluate model performance on

non-selfie inputs. Furthermore, since these images are sampled from the GT video, they

share similar lighting conditions with the GT. This also differs from our selfie setup, but we

still evaluate on these datasets for a more comprehensive evaluation.

Please note that all methods are trained solely on our training set, with baselines ini-

tialized from their official checkpoints.

Qualitative Comparison

Fig. 4.9 shows more results of the same captures under different virtual backgrounds.

Fig. 4.11, Fig. 4.12, and Fig. 4.13 present additional comparisons on real selfie captures.
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We observe the following: (1) Animate Anyone and Champ exhibit artifacts such as inac-

curate clothing patterns and artifacts around the shoes (row 3, column 3 in Fig. 4.12). (2)

MimicMotion and StableAnimator fail to accurately reconstruct the appearance of the back

view, demonstrating that simple modifications to these methods do not effectively utilize

the additional reference image input. Additionally, they struggle to capture fine details in

the front view (e.g . missing logo in row 5 in Fig. 4.13) and produce blurry patterns, whereas

our method preserves accurate and sharp patterns due to the fine-tuning stage. (3) Our

method surpasses all baselines in both appearance and pose fidelity while also generating

more realistic reflections and shadows on the floor.

Fig. 4.14 presents a qualitative comparison on the UBC Fashion dataset. We observe

the following: (1) Image diffusion-based methods (Animate Anyone and Champ) exhibit

noticeable background color shifts, indicating their limited generalization ability to unseen

backgrounds. Additionally, they introduce visible artifacts on faces and bodies and fail

to accurately capture body shape. (2) Video diffusion-based baselines (MimicMotion and

StableAnimator) struggle to reconstruct the appearance of the back view accurately, high-

lighting that simple modifications to these methods do not effectively utilize the additional

reference image input. (3) Our method outperforms all baselines in both appearance and

pose fidelity, producing more realistic and coherent results.

Fig. 4.15 presents a qualitative comparison on the TikTok dataset. We observe the

following: (1) Animate Anyone and Champ exhibit noticeable artifacts, such as missing

body parts (e.g., row 1, column 4, and row 3, column 4) and inaccurate clothing patterns

(rows 2 to 5). (2) MimicMotion and StableAnimator struggle to accurately reconstruct the

appearance of the back view, demonstrating that simple modifications to these methods

do not effectively utilize the additional reference image input. Additionally, they produce

blurry patterns (e.g., shorts in row 1), whereas our method generates sharper details due

to the design of the fine-tuning stage. (3) Our method surpasses all baselines in both

appearance and pose fidelity, delivering more realistic and coherent results.
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Table 4.2: Quantitative Comparisons on Our Test Set. All methods are evaluated

without face refinement as post-processing. For each metric, the best and second-best

methods are highlighted in bold and underline, respectively. Our method outperforms

all tested baselines across all metrics. The ablation variant, Ours-RIA, achieves results

comparable to Ours on this dataset because the input front and back images share the

same background as the ground truth (GT) frames, making reference image augmentation

less necessary in this case.

Method SSIM ↑ LPIPS ↓ PSNR ↑ FID ↓ FVD-VID ↓ FVD ↓

Animate Anyone [106] 0.733 0.242 19.60 128.8 57.43 421.7

Champ [343] 0.763 0.231 20.60 91.72 32.40 372.9

StableAnimator [254] 0.771 0.219 21.03 97.26 33.33 394.7

MimicMotion [327] 0.779 0.211 21.34 88.02 30.51 366.1

Ours-FG-MRA-FT 0.776 0.205 21.20 89.19 29.30 356.6

Naive+RefNet 0.781 0.202 22.38 87.52 29.40 342.4

Ours-MRA-FT 0.782 0.198 22.64 86.74 28.16 308.7

Ours-FG 0.781 0.203 22.40 87.64 25.76 311.0

Ours-MRA 0.796 0.186 23.08 82.82 23.71 292.2

Ours-RIA 0.795 0.184 23.15 79.07 22.44 281.5

Ours-FT 0.786 0.196 22.81 86.68 26.00 298.0

Ours-FT + Joint Training 0.789 0.188 23.01 83.22 26.42 289.3

Ours-FT + Full FT 0.792 0.186 23.07 81.52 25.42 324.1

Ours 0.799 0.183 23.61 79.02 23.11 279.3

Quantitative Comparison

Tab. 4.2, 4.3, and 4.4 present the quantitative results of our model compared to the baselines

across the three datasets. We observe that Champ performs competitively among the base-

lines on our test set in terms of video-related metrics, FVD-VID and FVD, but performs

worse on the other two datasets. This indicates that this image diffusion-based method

achieves better temporal consistency when the input reference images and background are

in-distribution. However, its performance degrades significantly for out-of-distribution in-

puts, demonstrating poor generalization ability.

As discussed in the main paper, our method outperforms all baselines on all metrics by
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Table 4.3: Quantitative Comparisons on the UBC Fashion Dataset. All methods are

evaluated without face refinement as post-processing. For each metric, the best and second-

best methods are highlighted in bold and underline, respectively. Our method outperforms

all tested baselines across all metrics. The ablation variant, Ours-RIA, achieves results

comparable to Ours on this dataset because the input front and back images share the

same background as the ground truth (GT) frames, making reference image augmentation

less necessary in this case.

Method SSIM ↑ LPIPS ↓ PSNR ↑ FID ↓ FVD-VID ↓ FVD ↓

Animate Anyone [106] 0.902 0.130 17.08 60.27 51.94 480.0

Champ [343] 0.888 0.130 16.43 59.34 56.06 363.7

StableAnimator [254] 0.914 0.071 21.61 58.47 31.67 191.5

MimicMotion [327] 0.918 0.069 22.05 56.27 28.04 185.7

Ours-FG-MRA-FT 0.922 0.065 21.76 56.55 27.88 181.7

Naive+RefNet 0.922 0.064 22.47 49.18 24.64 183.1

Ours-MRA-FT 0.924 0.061 22.58 48.99 21.02 170.7

Ours-FG 0.921 0.068 21.94 53.17 28.13 169.4

Ours-MRA 0.928 0.055 23.68 47.41 13.64 149.8

Ours-RIA 0.932 0.055 23.59 46.42 12.70 144.2

Ours-FT 0.925 0.057 23.39 48.68 19.31 166.0

Ours-FT + Joint Training 0.923 0.059 23.54 48.32 20.14 148.7

Ours-FT + Full FT 0.928 0.057 23.66 47.39 18.95 174.2

Ours 0.937 0.052 23.73 45.33 12.36 138.7

employing a novel frame generation strategy with multi-reference attention and a fine-tuning

approach, leading to enhanced appearance fidelity and frame quality.

4.6.3 Body Size, Garment Accuracy, Realism

Tab. 4.5 reports the full results of our human study, which evaluates body size, garment

accuracy, and overall realism. Our method consistently outperforms all baselines across all

criteria.

Tab. 4.6 presents the corresponding automatic evaluation results for body size, garment

accuracy, and realism. Detailed descriptions and discussions are provided below.
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Table 4.4: Quantitative Comparisons on the TikTok Dataset. All methods are

evaluated without face refinement as post-processing. For each metric, the best and second-

best methods are highlighted in bold and underline, respectively. Our method outperforms

all tested baselines across all metrics. The ablation variant, Ours-RIA, achieves results

comparable to Ours on this dataset because the input front and back images share the

same background as the ground truth (GT) frames, making reference image augmentation

less necessary in this case.

Method SSIM ↑ LPIPS ↓ PSNR ↑ FID ↓ FVD-VID ↓ FVD ↓

Animate Anyone [106] 0.779 0.236 18.78 81.02 44.55 551.9

Champ [343] 0.774 0.243 18.24 90.89 53.81 669.2

StableAnimator [254] 0.784 0.242 18.48 90.43 46.20 473.4

MimicMotion [327] 0.787 0.235 18.67 87.22 38.14 433.5

Ours-FG-MRA-FT 0.790 0.234 18.64 87.36 37.54 435.6

Naive+RefNet 0.795 0.226 18.72 87.11 37.15 433.9

Ours-MRA-FT 0.802 0.224 18.98 85.19 37.22 436.3

Ours-FG 0.799 0.229 18.39 81.96 36.11 399.8

Ours-MRA 0.805 0.217 19.42 78.60 32.35 387.5

Ours-RIA 0.808 0.216 19.71 76.70 30.85 384.5

Ours-FT 0.803 0.221 19.33 83.58 35.77 390.8

Ours-FT + Joint Training 0.794 0.221 19.13 79.48 34.21 390.2

Ours-FT + Full FT 0.801 0.219 19.51 78.79 33.85 428.5

Ours 0.807 0.215 19.65 76.65 31.21 382.1

For quantitative body size evaluation, we used the SMPL-based estimator CLIFF [155]

to estimate shape parameters on predicted and real frames from our self-captured dataset.

We calculated shape difference by averaging the absolute differences between shape pa-

rameters of predicted and real frames. Our method achieved a shape difference of 0.053,

outperforming the best baseline, MimicMotion (0.062), by 17%.

We evaluated garment accuracy via region alignment and appearance similarity. For

region alignment, we used SAM2 [210] to segment garment regions in predicted and ground-

truth frames from self-captured dataset and computed the average IoU. Our method achieved

0.923, better than the best baseline, MimicMotion (0.895). For appearance similarity, we
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Table 4.5: Results of Human Study. Our method outperforms all baselines.

Method Body Shape Accuracy ↑ Garment Accuracy ↑ Realism ↑

Animate Anyone [106] 2.55 2.45 2.03

Champ [343] 3.02 2.88 2.32

StableAnimator [254] 3.10 2.18 2.76

MimicMotion [327] 3.20 2.05 2.82

Ours 3.88 4.08 3.75

Table 4.6: Results of Quantitative Evaluation of Body Size, Garment Accuracy,

and Realism. Our method outperforms all baselines.

Method
Shape Parameter

Difference ↓
Garment Region

IoU ↑
Garment Appearance

LPIPS ↓
VLM Realism

Score ↑

Animate Anyone [106] 0.073 0.853 0.539 5.8

Champ [343] 0.075 0.861 0.512 5.6

StableAnimator [254] 0.071 0.884 0.616 6.2

MimicMotion [327] 0.062 0.895 0.601 6.7

Ours 0.053 0.923 0.485 7.5

calculated LPIPS within the segmented garment regions, with our method scoring 0.485,

outperforming the best baseline, Champ (0.512).

To evaluate realism, we used a VLM [11] to rate generated videos on a 1–10 scale (higher

is better). Our method scored 7.5, outperforming the best baseline, MimicMotion (6.7).

4.6.4 Comparison to Models Trained on Other Datasets

We further compare our method with models trained on different datasets: Veo 3.1 (Ref-

erences to Video) [57] and Phantom (built on Wan2.1 [259]) [164]. These models take one

or multiple reference images and a text prompt as input to generate a video. In our ex-

periments, we provide three reference images – the front selfie, back selfie, and background

image – along with a text description of motion to generate fit-check videos.

We use the following text prompt for Veo 3.1 (References to Video): “Generate a fit-check

video. The person [specify the motion]. The person’s appearance must remain consistent
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with the first and second images (front and back selfies), and the background should match

the third image. The camera should remain static and the viewpoint must not change. ”

We additionally include a background description in the text input for Phantom, as it

tends to ignore the provided background image. The text prompt is: “Generate a fit-check

video. The person [specify the motion]. The person’s appearance must remain consistent

with the first and second images (front and back selfies), and the background should match

the third image. The background is [description of background]. The camera should remain

static and the viewpoint must not change. ”

Note that, unlike our method, which takes a motion sequence as an explicit input, these

models rely solely on text to determine motion. Therefore, their generated motions may

differ from ours.

Fig. 4.16, Fig. 4.17, and Fig. 4.18 show qualitative comparisons. Both Veo 3.1 (Ref-

erences to Video) and Phantom only support landscape-mode video generation. Phantom

generates inaccurate outfit (see Fig. 4.16). It also struggles to maintain consistency with

the provided background image, often leading to incorrect scene composition. Veo 3.1 may

produce inaccurate visual details (see the red arrow in Fig. 4.16 and Fig. 4.17).

4.6.5 Ablation Study

Qualitative Comparison

Fig. 4.19 shows additional comparisons of our variants with the full method. We observe

the following: (1) Ours-FG-MRA-FT (näıve) fails to render accurate back views, indicating

that simple modifications do not effectively encode features from additional reference im-

ages. (2) Näıve+RefNet incorporates ReferenceNet, improving back views but introducing

artifacts (rows 1 to 2) and failing in the case of a white background (rows 3 to 4). This

demonstrates that using ReferenceNet reduces the model’s generalization ability to unseen

backgrounds. Additionally, it introduces extra parameters for training, which negatively

impacts training efficiency. (3) Ours-MRA-FT (Näıve + FG) applies our frame genera-

tion strategy, producing better back views than naive methods, but still suffers from blurry

patterns. (4) Ours-FT (Näıve + FG + MRA) further integrates multi-reference attention,
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enhancing back view patterns.

Importantly, all the variants fail to produce realistic reflections or generate weaker, blurry

reflections on the ground (rows 1 and 2). In contrast, our method effectively achieves this by

leveraging a fine-tuning strategy specifically designed to enhance shadows and reflections.

In summary, our full model produces sharper results with more accurate patterns while

effectively generating realistic shadows and reflections.

Quantitative Comparison

Tab. 4.2, 4.3, and 4.4 present the quantitative results of our model compared to its vari-

ants across the three datasets. As discussed in the main paper, our method outperforms

most variants across all metrics by employing a novel frame generation strategy, a multi-

reference attention, and a fine-tuning approach, resulting in improved appearance fidelity

and temporal consistency.

The ablation variant, Ours-RIA, achieves results comparable to Ours on this dataset

because the input front and back images share the same background as the ground truth

(GT) frames, making data augmentation less essential in this scenario.

Inaccurate Segmentation

Our method relies on pre-segmentation of the input selfies. Therefore, we evaluate its

robustness to segmentation inaccuracies. In practice, we found the adopted SAM2 [210] ro-

bust for segmenting mirror selfies. For study purposes, we dilated and eroded segmentation

masks in self-captured dataset by 5% and 10%, feeding these inaccurately segmented selfies

to our model. The resulting LPIPS scores – 0.383 (5% dilation), 0.386 (10% dilation), 0.384

(5% erosion), and 0.388 (10% erosion) – were only slightly worse than with accurate masks

(0.381).

4.6.6 Evaluation on Motion Retrieval

We collect a test set by asking five participants to perform fit-check motions (e.g ., walks,

twirls) while using a phone to record IMU data. Simultaneously, we capture video recordings
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of these motions with an external camera. From each video, we extract the corresponding

SMPL sequence as ground truth (GT), which is later used for evaluation, constructing a

dataset of 20 IMU inputs and GT SMPL sequences.

Since there are no existing IMU-to-motion retrieval methods, we compare our approach

against TMR [201], a text-to-motion retrieval baseline. To provide input for this baseline,

we manually annotate textual descriptions for the motions in our test set. An example text

annotation for a motion is: “A person walks away from the camera with their back facing

it, then turns left by half a circle.”

We compare the top-k retrieved motions with the GT motion using a pretrained motion

encoder [249] to evaluate their similarity. This motion encoder takes as input a sequence of

motion parameters in the HumanML3D format [83], which can be obtained from an SMPL

sequence (details in [249]), and outputs a motion embedding. For evaluation, we input both

the retrieved and GT motions into the encoder and compute their similarity based on the

dot product of their motion embeddings. Our method achieves a similarity score of 0.848

for k = 1 and 0.716 for k = 5, outperforming TMR’s 0.641 (k = 1) and 0.522 (k = 5).

These results demonstrate the effectiveness of our approach, highlighting that IMU-based

retrieval provides more fine-grained motion guidance than text-based retrieval.
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Figure 4.10: More Results of Our Method. The left two columns display the input

selfies and background, while the right six columns show the generated results (inset: pose

input, adjusted to prevent occlusion). Given mirror selfies with various outfits and lighting

conditions, our method produces realistic fit-check videos, accurately capturing appearance

from diverse poses. It also generates reflections and shadows on the ground, ensuring

seamless integration between the subject and both indoor and outdoor backgrounds.
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Figure 4.11: Qualitative Comparison with Baselines on Selfie Inputs. The left

two columns display the input selfies, pose, and background, while the right five columns

showcase the generated results from various methods. The inset of Champ illustrates its

corresponding SMPL pose input. All results are post-processed using face refinement. Our

method surpasses all tested baselines by more accurately reconstructing appearance across

diverse poses while also producing more realistic shadows and reflections on the floor.
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Figure 4.12: Qualitative Comparison with Baselines on Selfie Inputs. The left

two columns display the input selfies, pose, and background, while the right five columns

showcase the generated results from various methods. The inset of Champ illustrates its

corresponding SMPL pose input. All results are post-processed using face refinement. Our

method surpasses all tested baselines by more accurately reconstructing appearance across

diverse poses while also producing more realistic shadows and reflections on the floor.
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Figure 4.13: Qualitative Comparison with Baselines on Self-Captured Dataset.

The left two columns display the input selfies, pose, and background, while the right six

columns showcase the generated results from various methods alongside the real frame.

The target poses are detected from the real frames. The inset of Champ illustrates its

corresponding SMPL pose input. All results are post-processed using face refinement.
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Figure 4.14: Qualitative Comparison with Baselines on UBC Fashion Dataset.

The left two columns present the input reference images, pose, and background, while the

right six columns showcase the generated results from various methods alongside the ground

truth (GT). The target poses are detected from the GT. The inset of Champ displays its

corresponding SMPL pose input. All results are post-processed using face refinement.
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Figure 4.15: Qualitative Comparison with Baselines on TikTok Dataset. The left

two columns present the input reference images, pose, and background, while the right

six columns showcase the generated results from various methods alongside the ground

truth (GT). The target poses are detected from the GT. The inset of Champ displays its

corresponding SMPL pose input. Note that none of the methods were trained on the TikTok

Dataset. All results are post-processed using face refinement.
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Figure 4.16: Qualitative Comparison with Methods Trained on Other Datasets.

The first row shows the input: front selfie, back selfie, and background image. The remaining

rows present the outputs from different methods. Both Veo 3.1 (References to Video) and

Phantom take these three images as input along with a text description of motion. Also,

they only support landscape-mode video generation. In addition, Phantom fails to effectively

utilize the input background image, leading to inconsistent scene composition.
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Figure 4.17: Qualitative Comparison with Methods Trained on Other Datasets.

The first row shows the input: front selfie, back selfie, and background image. The remaining

rows present the outputs from different methods. Both Veo 3.1 (References to Video) and

Phantom take these three images as input along with a text description of motion. Also,

they only support landscape-mode video generation. In addition, Phantom fails to effectively

utilize the input background image, leading to inconsistent scene composition.
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Figure 4.18: Qualitative Comparison with Methods Trained on Other Datasets.

The first row shows the input: front selfie, back selfie, and background image. The remaining

rows present the outputs from different methods. Both Veo 3.1 (References to Video) and

Phantom take these three images as input along with a text description of motion. Also,

they only support landscape-mode video generation. In addition, Phantom fails to effectively

utilize the input background image, leading to inconsistent scene composition.
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Figure 4.19: Model Ablations. The inputs are shown in the left two columns. The right

five columns showcase the generated results from various variants and our full model. All

results are post-processed using face refinement. Ours-FG-MRA-FT (naive) fails to render

accurate back views. Naive+RefNet incorporates ReferenceNet, improving back views but

creates artifacts (row 1 to 2) and fails in the case of a white background (row 3 to 4). Ours-

MRA-FT (Näıve + FG) uses our frame generation strategy and produces better back views

than naive methods. Ours-FT (Näıve + FG + MRA) additionally uses multi-reference

attention and enhances back view patterns.
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Chapter 5

LEARNING FEATURE-PRESERVING PORTRAIT EDITING FROM
GENERATED PAIRS

This chapter presents the research project Learning Feature-Preserving Portrait Editing

from Generated Pairs [37], conducted with Tiancheng Zhi, Peihao Zhu, Shen Sang, Jing

Liu, and Linjie Luo. The subsequent analysis and comparisons to related studies in this

chapter are based on the prevailing state of the art at the time of this work.

Portrait editing is increasingly favored in photo and social applications. In many of

these applications, users can select from a set of pre-defined editing options and then apply

their chosen edits to their own photos. In practice, the key requirement of portrait editing

is to deliver outcomes that achieve selected editing while strictly preserving the features of

subjects intended to remain unaltered (e.g ., identity and clothing for expression editing).

Nevertheless, meeting this requirement poses a considerable challenge, as even slight devia-

tions in these features can markedly affect the perceived quality of the outcome. Therefore,

the goal of this paper is to design a portrait editing pipeline that can achieve superior editing

outcomes for a specific editing task favored by users.

Existing image editing approaches fail to satisfy the requirements of portrait editing

tasks. They can be categorized into two types. The first one is training-free methods, which

mainly rely on a pretrained diffusion model [218] to perform editing guided by a text prompt.

However, they suffer from two limitations. (1) They struggle to achieve desired editing as

they depend on inversion techniques to reverse the input image into a denoising process,

which may hurt editability. (2) They fail to preserve detailed subject features as little

prior knowledge for invariance is enforced. Figure 5.1 (left) shows outputs of a training-free

method Prompt2Prompt [98]. Another stream of work is training-based methods, aiming to

learn the editing direction for desired changes, and also preserve untargeted subject features,

with a training set. However, these methods require extremely high-quality training dataset,
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Input Prompt2Prompt BBDM Ours Ours Ours

Editing: in royal costume in royal costume in sheep costume in santa costume

Editing: in laughing in laughing in shocked in crying

Figure 5.1: Our method takes a portrait image as input, and applies advanced editing effects

with our proposed framework. We can handle both real human portraits (1st row) as well

as cartoon characters (2nd row). Our approach obtains superior aesthetic quality while

at the same time preserving key features from the input subject. Compared with baseline

approaches (left), we achieve better subject feature preservation (e.g ., identity), structural

alignment, and fewer artifacts.

which is usually hard to collect. Figure 5.1 (left) shows outputs of a recent training-based

method BBDM [148].

In this paper, we opt for training using a synthetic dataset generated automatically at

low cost, thereby eliminating the necessity of manually collecting datasets. Our framework

generates a synthetic dataset for any user-defined editings and uses this dataset to effec-

tively learn the editing directions, fulfilling the aforementioned requirements, and upholding

high image quality. Specifically, we first design a conditional dataset generation strategy

to produce diverse paired data given text prompts, which has better identity and layout

alignment than existing data generation strategy. Given these pairs, we design a Multi-

Conditioned Diffusion Model (MCDM) to effectively learn editing direction and preserve

the subject features. This is achieved by injecting the conditional signals from input image

and text prompt into the diffusion model through different ways. Finally, we demonstrate

that the trained MCDM can explicitly identify regions expected to change (e.g ., face regions

for expression editing), producing an editing mask. This provides guidance for our inference
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process to further keep subject features untouched.

As shown in Figure 5.1, our editing results achieve expressive styles while preserving

subject features, in both real person costume and cartoon expression editing cases. The

effectiveness is further substantiated by quantitative analysis and user study (Sec. 5.3),

which collectively attest to its superiority over existing baseline methods.

Contributions: (1) A data generation technique providing paired data with better iden-

tity and layout alignment; (2) A Multi-Conditioned Diffusion Model producing feature-

preserving results and accurate editing masks for inference guidance; (3) State-of-the-art

portrait editing results. The code will be released.

5.1 Related Work

Image generation and editing have seen significant advancements with generative models like

GANs [81], VAEs [135], and normalizing flows [214], leading to highly realistic outputs [130,

131]. Recent breakthroughs in diffusion models [103, 241, 244, 242], such as Imagen [221],

GLIDE [190], DALL-E2 [207], and Stable Diffusion [218], have further revolutionized this

field. They can generate a wide variety of images from mere textual descriptions and has

spurred research into their applications in image editing.

Training-Free Approaches: Prevalent editing methods rely on inverting images into

a model’s latent space [1, 2, 286, 342, 340] and editing by manipulating latent codes [2,

231, 93] or model weights [75, 215, 13, 5], without new model training. They are known

as training-free methods. Text-to-image diffusion models, akin to GANs, use Gaussian

noise as latent input, combined with textual guidance, to generate images. Methods like

SDEdit [179] add noise to the input image for a fixed number of steps, and then initiate a

text-guided denoising process for repainting. However, these methods apply global editing,

failing to preserve details in areas not targeted for modification. To overcome this issue,

some studies [189, 10, 9] use user-provided masks to define editing regions, thus allowing

for partial edits. Yet, obtaining precise masks for editing is non-trivial, and mask-based

inpainting methods often result in the loss of image information within the masked area,

disrupting the consistency between the pre- and post-edit images.

For controlled, local editing, Prompt2Prompt [98] and DiffEdit [51] have been devel-
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oped. The former preserves layout and subject geometry through cross-attention maps,

while the latter generates an editing mask through contrasting predictions from different

text conditions. Both methods employ DDIM inversion [242, 60] to encode input images.

However, DDIM inversion, especially with classifier-free guidance, often leads to unsatis-

factory reconstruction and editing outcomes. Null-text Inversion [182] improves inversion

reconstruction while retaining the editing capabilities. Pix2pix-zero [197] improves DDIM

inversion through noise regularization [131] and introduces cross-attention loss during the

denoising process. However, this method may pose difficulties in terms of control and could

lead to unexpected outcomes, especially for portrait editing.

Training-Based Approaches: Training-based methods learn editing direction from a

large dataset. Li et al. [148] and Sheynin et al. [232] train diffusion models for image-

to-image translation and local semantic editing without inversion, but their expressiveness

and quality lag behind current large-scale diffusion models. InstructPix2Pix [24] uses GPT-

3 [26] and Prompt2Prompt [98] to create text edited pairs and distills a diffusion model,

generally producing more controlled edits and showing robustness with real image inputs.

The effectiveness of training-based methods depends on the quality of the constructed pairs.

Our method, which falls into this category, achieves greater consistency and superior edit-

ing results by using Composable Diffusion [165] to generate better pairs. Relying on our

condition injection mechanism and network design, we are capable of producing edits which

are less affected by data imperfection, and thus better preserving input features.

Diffusion-based editing also relates to concept embedding [74], model fine-tuning [219],

and controlled generation [322, 187], but they are outside our discussion scope.

5.2 Our Pipeline

Given an input portrait image xA in the source domain A, our goal is to synthesize a high-

quality portrait image x̂B in domain B. A well-edited image x̂B should: (1) retain the

untargeted subject features (e.g ., identity) and rough layout from xA, (2) ensure editing

fidelity (i.e., x̂B ∈ B) and maintain high image quality.

To this end, we design a diffusion-based image editing pipeline with three stages. (1)

We first introduce an automated data generation strategy to create reasonably good but
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Composable 
Diffusion

Paired Data Generation

Editing Model Learned from Pairs

Prediction

Target Prompt

Input

Paired Output 
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Multi-Conditioned
Diffusion Model 
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Identity Text Prompt
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Figure 5.2: Overview of our pipeline. Paired Data Generation (blue dashed box) first

constructs training pairs using Composable Diffusion [165] conditioning on pose and iden-

tity information. Multi-Conditioned Diffusion Model (green dashed box) encodes multiple

condition signals to learn the editing direction and preserve subject features based on the

generated pairs. The multi-condition design enhances the robustness in handling imperfec-

tions within training pairs.

not perfect pairs of input xA and ground truth xB (Figure 5.2 left). (2) Then we design and

train a Multi-Conditioned Diffusion Model (MCDM) (Figure 5.2 right) on this generated

dataset. By leveraging multiple conditions in different ways, MCDM can effectively learn

the editing direction from the training pairs, while preserving detailed subject features that

are not supposed to be changed. (3) During inference, we generate edited results using the

trained MCDM with an automatically generated editing mask to further preserve subject

details in xA.
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5.2.1 Preliminary

We start with a quick overview of Latent Diffusion [218] and establish notations that we use

throughout. Latent Diffusion has two components: (1) a Variational Autoencoder, including

an encoder E to transform an image x into a latent code z = E(x), and a decoder D to map

z back to an image x′ = D(z), (2) a U-Net ϵθ(zt, t, C) which predicts added noise given a

noisy latent. zt is the noisy latent code at timestep t and C is a tuple of conditional signals.

To generate an image, a noisy latent zT is randomly sampled and processed through

denoising by the U-Net over a fixed number of timesteps, denoted as T . The iterative

denoising process transforms zT into a clean latent z0, which is subsequently utilized by the

decoder D to generate the image. Specifically, at timestep t, the denoised latent zt−1 is

sampled based on zt and ϵ̃θ(zt, t, C), which is computed using classifier-free guidance [104].

Here is an example with two elements in C, given by:

ϵ̃θ(zt, t, C) =ϵθ(zt, t, {∅,∅})

+s1(ϵθ(zt, t, {c1,∅}) − ϵθ(zt, t, {∅,∅}))

+s2(ϵθ(zt, t, {c1, c2}) − ϵθ(zt, t, {c1,∅})), (5.1)

where c1 and c2 denote two conditional signals, with ∅ representing a null value (e.g ., a

black image for image condition). s1 and s2 are the weights for c1 and c2, respectively. Eq.

5.1 can also be easily rewritten to suit the case of one or three conditional signals.

For clarity, we primarily use the task of costume editing to illustrate the pipeline. The

goal is to transform a person with a regular outfit into a Santa Claus costume.

5.2.2 Paired Data Generation

The goal is to design a data generation strategy that can produce paired exemplars aligned

with a specified editing direction (e.g ., from regular to Santa Claus costumes) defined by

text prompts. However, generating pairs with perfect spatial and identity alignment is

very challenging. Thus we seek to design a strategy (Figure 3.2 left) that can generate

reasonably good pairs, meeting these essential criteria: (1) the user identity in input xA

and ground truth xB should match as closely as possible; (2) xA and xB should have rough
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Input Ground Truth

(a) Prompt-to-Prompt Strategy

Input Ground Truth

(b) Our Strategy w/o Pose

Input Ground Truth

(c) Our Strategy w/o ID

Input Ground Truth

(d) Our Strategy

Figure 5.3: Examples of pairs generated by different strategies. Prompt-to-Prompt (a) fails

to produce pairs with consistent identity. Without pose condition, (b) produces pairs with

significant spatial misalignment. Without identity conditions, (c) results in pairs with face

shapes difference. Our strategy (d) significantly improves these issues.

spatial alignment; (3) the data should cover a diverse range of user appearances (for better

generalization).

One straightforward idea suggested by InstructPix2Pix [25] is to use GPT-3 [26] for gen-

erating a pair of text prompts in the source and target domains. These generated prompts

are then employed to create xA and xB using a pretrained Stable Diffusion model [218] and

the Prompt2Prompt image editing technique [98]. However, this method often results in

unsatisfactory xB as it fails to preserve the identity in xA, as depicted in Figure 5.3 (a).
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Instead, we build a conditional pair generation strategy on top of Composable Diffu-

sion [165] to meet the three requirements. Key designs include: (1) Following [165], we

generate xA and xB within a single image achieved through a single denoising process. This

helps generate consistent identities in xA and xB (criterion 1). (2) We incorporate pose

information to improve spatial alignment (criterion 2). (3) We extract identity information

from real photos and use this information to ensure criterion 1 and 3.

To implement design (1), we employ a pretrained Stable Diffusion in conjunction with

Composable Diffusion [165] to generate an image x = [xA, xB] ∈ RH×2W×3, where the

operator [·, ·] represents the horizontal concatenation of two images. Here, H and W denote

the height and width of xA and xB. Further, the design (2) and (3) are implemented as

conditions to guide the denoising process of x.

Specifically, we begin by randomly initializing a latent code zT ∈ Rh×2w×4, where h =

H/8, w = W/8, and 4 represents the feature dimension of the latent code. At each timestep

t, we compute the predicted noise by combining three classifier-free guidance results:

ϵ̄ =s′d · ϵ̃θ′(zt, t, {cp, cid}) +

s′a ·M ′
a ⊙ ϵ̃θ′(zt, t, {cpa , cid}) +

s′b ·M ′
b ⊙ ϵ̃θ′(zt, t, {cpb , cid}), (5.2)

where cp, cpa , and cpb represent text embeddings computed from the shared prompt p, the

source prompt pa, and the target prompt pb, respectively. In the example of Figure 5.2, p

is “the same woman on the left and right”, pa is “a woman, normal costume”, and pb is “a

woman, santa claus costume”. cid denotes identity embeddings (design (3)) extracted from

a real-world portrait image using a variant of CLIP-based identity encoder [279], trained

on the FFHQ dataset [130]. This encoder translates an image into multiple textual word

embeddings, thus can be combined with cp, cpa , and cpb to provide identity information for

the denoising process. See supplementary for further details.

The matrices M ′
a and M ′

b are defined as [1,0] and [0,1] respectively, both belonging to

Rh×2w×4. Here, 1 (0) represents a matrix in the dimension h×w× 4 with all values set to

one (zero). Additionally, the variables s′d, s′a, and s′b signify the strengths associated with

each predicted noise. Furthermore, the denoising process is guided by a pose image (design
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(a) Input (b) Output w/o ID (c) Output with ID

Figure 5.4: Training on a dataset with less diverse identities (b) results in inconsistent

identity with the input (a). Conversely, training on a dataset with diverse identities yields

the desired editing outcome (c), demonstrating its better generalization ability.

(2)) using the OpenPose [27] ControlNet [322], as shown in Figure 5.2 top left. This pose

image ensures alignment by featuring the same pose in both the left and right parts of the

image. The pair generated by our approach is depicted in Figure 5.2 on the left.

Notably, both design (2) (for pose) and design (3) (for identity) play a crucial role in

generating good pairs. Figure 5.3 illustrates this point. Dropping one of them results

in considerable spatial misalignment (b) and noticeable differences in facial shape (c). In

addition, design (3) also contributes to generating diverse individuals across different pairs.

This is crucial for enhancing generalization ability, as shown in Figure 5.4.

5.2.3 Training Multi-Conditioned Diffusion Model

Although the generated pairs are reasonably good, they are still not perfect. For example, in

Figure 5.2, the face in xB is slightly wider than that in xA. The imperfection can potentially

confuse the model and harm the performance.

Therefore, given these imperfect pairs, we design an image editing model to effectively

learn pertinent information, such as editing direction and preservation of untargeted subject
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Figure 5.5: Illustration of Multi-Conditioned Diffusion Model. Both image and

text embeddings are injected into the model through different ways to effectively learn the

editing direction and preserve subject features.

features, from the generated pairs while simultaneously filtering out unexpected noise –

specifically, small variations in identity and layout. Inspired by [125], the key design

of our model is to integrate various conditions into the Stable Diffusion architecture in

distinct ways. We call our model Multi-Conditioned Diffusion Model (MCDM). We will

first define these conditions, and later elaborate how they help learn pertinent information

from imperfect data through different injection ways. The details of the MCDM are shown

in Figure 5.5.

Our model ϵθ(zt, t, {cs, cim, cpb}) considers three pathways of conditional signals: (1)

spatial embeddings cs = E(xA), (2) text embeddings cpb , extracted by pretrained Sta-

ble Diffusion text encoder with target text prompt pb as input, (3) image embeddings

cim = MLP ([E(xA), CLIPim(xA)]), where CLIPim(·) denotes embeddings extracted from

the pretrained CLIP image encoder [206]. MLP (·) is a multi-layer perceptron that projects

image embeddings to the space of text embeddings.

To incorporate these embeddings into our model, we make modifications to the Stable

Diffusion architecture as follows. (1) To prevent the imperfections in xB from misleading
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the model into generating an output x̂B that alters the layout and identity in xA, we con-

catenate the spatial embeddings cs with the noisy latent zt (input of U-Net). The resulting

concatenation is then utilized as the input for the U-Net. Architecturally, the first layer of

the U-Net encoder is adjusted to accommodate an additional 4 channels (for cs), increasing

the total to 8 channels. (2) cpb and cim are concatenated and fed into the cross-attention

layer, akin to the Stable Diffusion architecture. Functionally, cpb includes crucial informa-

tion about the target domain as instructed by the text prompt, steering the output x̂B

towards the desired domain B. Simultaneously, cim contributes visual information derived

from the input image to the cross-attention layer, offering visual guidance in the attention

mechanism. This prevents x̂B from strictly adhering to the text instruction, ensuring that

the output remains connected to the visual context of xA and preventing undue deviation.

We initializes network weights with pretrained Stable Diffusion [218]. The training

scheme is similar to Stable Diffusion, but with several differences: (1) we replace cpb with

cpa and xB with xA by 5% of time. This enables the model to reconstruct input images

(i.e., perform identical editing), which will be utilized during the inference phase for mask

generation. (2) Inspired by [125], we implement a dropout mechanism for multiple signals

for classifier-free guidance. Specifically, with a 20% probability, we drop any combination

of the following: cs, cim, cp, or even all of them.

Figure 5.6 illustrates the ablation of these design choices, underscoring the effectiveness

of employing all conditional signals simultaneously, as previously discussed.

5.2.4 Mask-Guided Editing using Trained Model

After training, the standard approach for generating predictions x̂B from xA involves denois-

ing a random latent zT over T iterations using trained model (with classifier-free guidance).

While the generated x̂B successfully accomplishes the desired edits while preserving identity

and layout, challenges may persist in retaining specific details of the subject’s features. For

example, in Figure 5.7, an illustration of expression editing (to a shocked expression) depicts

the standard generation output (d), where the hat and upper clothing patterns differ from

those in the input image (a).
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(a) Input (b) Ours w/o Prt (c) Ours w/o Spt

(d) Ours w/o Iemb (e) Ours w/o CFG (f) Ours

Figure 5.6: Ablation Study of Design Choice of MCDM. The goal is to have the person

in (a) wear a royal costume. Training from scratch (b) yields the poorest image quality due

to the absence of image generation priors and text prompt interpretation. Dropping spatial

embeddings (c) fails to preserve spatial layout and the person’s hairstyle. Excluding image

embeddings (d) causes ”over-editing” towards the target domain, compromising fidelity

(e.g ., the golden face in (d)). Without classifier-free guidance, less expressive edits emerge

(e) (e.g ., incomplete crown). In contrast, our full pipeline (f) produces the best editing

results.

To enhance the preservation of these details, a mask can be derived from the trained

MCDM, providing explicit guidance for the denoising process. This mask indicates areas
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(a) Input (b) Mask (DiffEdit) (c) Mask (Our Model)

(d) Generate w/o Mask (e) Generate with (b) (f) Generate with (c)

Figure 5.7: Comparison of Mask-Guided Editing on Cartoon Expression Editing

(to Shocked Expression). Standard generation (d) alters details (e.g ., patterns on hats

and upper clothing) in the input image (a). Applying the mask generation strategy to our

model improves the accuracy of the generated mask (c) compared to the one generated by

DiffEdit (b). When guided by the mask in (c), the edited image (f) effectively preserves

details (e.g., clothing) compared to the one (see (e)) guided by (b).

for editing and those to be left untouched. We adapt DiffEdit [51] to automatically generate

such a mask. The key difference between our and DiffEdit’s mask generation strategy is

that, instead of relying on a pretrained Stable Diffusion model, we leverage our trained

MCDM with its reconstruction capabilities to achieve more precise mask generation. By
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applying DiffEdit to our trained MCDM instead of the original Stable Diffusion model, we

can achieve more precise mask generation due to MCDM’s reconstruction capability.

Figure 5.7 (c) shows an example of editing mask generated by our trained model, which

is more accurate than the one produced by the DiffEdit used to produce pairs (Figure 5.7

(b)). This demonstration underscores the MCDM’s capacity to discern the types of content

that should be edited, even by training on an imperfect dataset.

Once we have the mask M , at each timestep t, we calculate the mask-guided predicted

noise by:

ϵ̂ = ϵ̃θ(zt, t, {cs, cim, cpb}) ⊙M + ϵ̃θ(zt, t, {cs, cim, cpa}) ⊙ (1 −M).

It implies that we denoise for target editing (using pb) within the mask, and preserve the

original image content (using pa) outside the mask. Figure 5.7 (e) shows the result with

mask guidance. See implementation details in supplementary.

5.3 Experiments

Datasets: We evaluate the performance of our pipelines in two distinct portrait editing

tasks: costume editing and cartoon expression editing. For each task, we define four different

editing directions for input in a specific domain. For costume editing, the input image is

a realistic portrait image with everyday costume, and the output is the same person with

flower, sheep, Santa Claus, or royal costume. For cartoon expression editing, the input

image is a cartoon portrait with a neutral expression, while the output is the same cartoon

character with four different expressions: angry, shocked, laughing, or crying. For each task,

we generate a dataset of 69,900 image pairs (17475 for each editing direction) for training.

See details in supplementary.

Baselines: We choose 6 state-of-the-art image editing baselines for comparison. In particu-

lar, Prompt2Prompt (P2P for short) [98], pix2pix-zero [197], DiffEdit [51], SDEdit [179] are

training-free diffusion methods with editing direction guided by text prompt. Since SDEdit

is sensitive to a strength parameter, we test two different parameters of it, namely SDEdit

0.5 and SDEdit 0.8. Larger strength produces outputs that obeys the editing directions but

deviates from the input images. SPADE [196] and BBDM [148] are training-based image
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Costume Editing Expression Editing

SSIM LPIPS FID SSIM LPIPS FID

Prompt2Prompt 0.764 0.694 83.94 0.936 0.426 33.13

pix2pix-zero 0.695 0.812 120.8 0.897 0.517 46.65

DiffEdit 0.722 0.721 93.52 0.922 0.423 32.20

SDEdit 0.8 0.681 0.766 93.17 0.914 0.461 38.59

SDEdit 0.5 0.713 0.712 68.85 0.925 0.445 38.99

SPADE 0.761 0.651 67.96 0.936 0.427 31.02

BBDM 0.776 0.676 64.17 0.937 0.432 27.26

Ours w/o Prt 0.734 0.672 84.58 0.940 0.420 28.82

Ours w/o Spt 0.767 0.665 78.38 0.735 0.430 24.56

Ours w/o Iemb 0.785 0.636 65.74 0.941 0.408 23.07

Ours w/o Mask 0.788 0.639 63.52 0.940 0.421 26.61

Ours 0.791 0.633 52.56 0.943 0.400 22.09

Table 5.1: Quantitative Results of All Tested Methods. Our method outperforms all

tested baselines and variants over all metrics. Please note, there are no metrics that can

accurately describe the performance of models because the ground truths we used are not

real and unique truths.

editing framework building on top of Generative Adversarial Networks [52] and diffusion

model [53], respectively.

Real-World Applications: We showcase the practical applications of models trained on

two datasets through two distinct scenarios. The first application revolves around real

portrait costume editing, wherein the inputs are in-the-wild portrait images. As shown in

top 4 rows in Figure 5.8, both training-based and training-free methods yield unsatisfactory

results; the former exhibits noticeable artifacts, while the latter often fails to align with the

provided prompts.

The second application is sticker pack generation. Here, the objective is to generate a
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Flower

Sheep

Santa

Claus

Royal

Angry

Shocked

Laughing

Crying (a) Input (b) P2P (c) DiffEdit
(d) SDEdit

0.5

(e) BBDM (f) Ours

Figure 5.8: Results Comparison. existing methods either fail to apply desired edits (e.g .,

SDEdit in first 4 rows) or struggle to figure out which region to apply the edits.
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(a) Input (b) P2P (c) DiffEdit (d) SDEdit (e) BBDM (f) Ours (g) GT

Figure 5.9: Comparison on Validation Set. In row 1 (sheep costume), the training-free

baselines (b) to (d) fall short of achieving the intended edits , while the training-based

methods (e) exhibit noticeable artifacts on eyes. In row 2 (angry), all baselines change

the subject identity (e.g ., missing glasses, wrong hair color and clothing). In contrast,

our method produces high-quality editing results while preserving the identity. Note that

validation set input is from generated pairs, so baseline results look better than Figure 5.8.

cartoon sticker pack based on an in-the-wild portrait image. To achieve this, we initially

perform data augmentation, incorporating processes such as cropping and homography,

on the real input image. These augmented data are then employed to train a Dream-

Booth [219]. Subsequently, the trained DreamBooth is utilized to generate a cartoonized

portrait image of the subject, guided by a meticulously crafted text prompt. Finally, our

model is applied to the cartoonized image to produce outputs featuring four distinct trained

expressions. Please note, directly utilizing DreamBooth to generate images with various ex-

pressions doesn’t yield satisfactory results due to the layout change and overfitting issues.

As shown in Figure 5.8 (bottom 4 rows), training-free baselines outperform their training-

based counterparts. This is because the training-based baselines are not robust enough to

handle imperfect training pairs. In contrast, our method outperforms all baselines in both

editing fidelity and the preservation of the subject’s features, while maintaining high image

quality.
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User Study: We conducted a user study on two real-world applications, each with 12 ex-

amples. Participants were presented with inputs and outputs generated by DiffEdit, SDEdit

0.5, SPADE, BBDM, and our proposed pipeline, randomly shuffled. The 32 participants

were asked to give a rating from 1 to 5 (higher means better) for each output. We normal-

ized the rating of each example and user to remove the user bias. In costume editing task,

our method achieves the highest average rating, surpassing DiffEdit by 3.3 times, SDEdit

0.5 by 1.8 times, SPADE by 2.1 times, and BBDM by 2.5 times. Similarly, for the expression

editing, our method receives the best rating, outperforming DiffEdit by 1.7 times, SDEdit

0.5 by 1.4 times, SPADE by 2.9 times, and BBDM by 1.6 times. These results demonstrate

that our method consistently produces superior visual outcomes compared with baselines

in both tasks.

Comparison on Validation Set: For quantitative evaluation, we create a validation

dataset for each task by generating 1,000 image pairs in two distinct ways. The first approach

involves generating paired data following the same methodology described before, resulting

in 100 pairs. For the second method, we adopt a different strategy aimed at introducing

subjects not present in the FFHQ dataset. We exclude identity embeddings and add detailed

text descriptions of individuals (generated by ChatGPT) to p, pa, and pb. This yields an

additional 900 pairs for evaluation. We believe a more comprehensive evaluation can be

conducted by combining these two types of pairs. Figure 5.9 and Table 5.1 show that our

method outperforms all tested baselines.

Ablation Study: We conduct experiments to assess the effectiveness of each component

of our model, resulting in four variants: (1) Ours w/o Prt, training our model from scratch,

(2) Ours w/o Spt, removing spatial embeddings cs, (3) Ours w/o Iemb, excluding the image

embeddings cim, and (4) Ours w/o mask, eliminating mask guidance during inference. We

did not test variants without text conditions since we trained 4 editing directions using one

model in the evaluation, and text conditions are used to determine which types of editing

to perform at the test time. As discussed in sec. 5.2, Table 5.1, Figure 5.6, and Figure 5.7

show that our final design outperforms these variants.

Limitations and Future Work: The dataset generation strategy assumes Stable Diffusion

can generate images in the source and target domains, which might not always be the case.
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The editing performance is compromised when handling datasets with most of the pairs

with significant noise, such as substantial layout and identity differences.

In the future, we will (1) move away from the constraint of paired data and explore

methods for handling unpaired data effectively, (2) reduce the required amount of training

data, making the pipeline more efficient and scalable.

5.4 Conclusion

In this paper, we aim for portrait editing such as changing costumes and expressions while

preserving the untargeted features. We introduce a novel multi-conditioned diffusion model,

trained on training pairs generated by our proposed dataset generation strategy. During

inference, our model produces an editing mask and uses it to further preserve details of

subject features. Our results on two editing tasks demonstrates superiority over existing

state-of-the-art methods both quantitatively and qualitatively.
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SUPPLEMENTARY MATERIAL

5.5 Implementation Details

We present implementation details here, and the code will be publicly available after accep-

tance.

5.5.1 Paired Data Generation

Different pretrained Stable Diffusion models are employed for generating two datasets. The

costume editing dataset is created using RealisticVision v4.0 [227]. For the cartoon ex-

pression editing dataset, fine-tuning is performed on RealisticVision v1.3 [226] using 400

images generated by the Samaritan 3D cartoon pretrained Stable Diffusion model [204].

The fine-tuned model is then used as base model to generate the cartoon expression editing

dataset.

For text prompt, we set p to “the same [X] on the left and right”, where [X] corresponds

to the gender (either man or woman) detected from the portrait image used to extract

identity information. pa is “a [X], [Y]”, where [Y] refers to the description of the source

domain (i.e., normal costume or neutral expression). pb is “a [X], [Z]”, where [Z] is the

description of the target domain. In costume editing task, [Z] are “cute flower costume”,

“cute white sheep costume”, “Santa Claus costume”, or “traditional golden palace costume”.

In expression editing task, [Z] are “angry”, “shocked”, “laughing”, or “crying”. In addition,

we set s′d = 0.1 and s′a = s′b = 0.9.

For the CLIP-based identity encoder, we train it on the FFHQ dataset [132]. As a variant

of the image encoder and global mapper in [279], our architecture consists of a CLIP image

encoder [206] followed by a Decoder layer [257] and a multi-layer perceptron. This identity

encoder translates an input image to multiple textual word embeddings, which can be

regarded as “new words” in the textual word embedding space. The resultant embeddings

cid have a dimension of 2 × 768, which can be regarded as using two words to describe
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the identity. Finally, cid is inserted into the position between “[X]” and its previous word

in cpa . In other words, the “new words” are inserted right before “[X]”. Same operation

is also performed for cp and cpb . Images from the FFHQ dataset are utilized for identity

information extraction due to the dataset’s broad diversity of identities across its entirety.

The pose image is generated using Stable Diffusion with the text prompt “a person,

head shot”, resulting in 1000 candidate poses. From these candidates, one pose is randomly

selected to serve as the pose condition for generating a pair.

For both datasets, the image size is set to H = W = 512. The denoising timestep is

set to T = 20, and the guidance scale of the classifier-free guidance is set to 7.5. We use

Stochastic Karras VE scheduler [126] for denosing.

5.5.2 Training Multi-Conditioned Diffusion Model

In the Multi-Conditioned Diffusion Model (MCDM), we implement MLP (·) following the

structure described in the adapter in [125]. During training, the weights in the first layer of

the U-Net related to spatial embeddings cs are zero-initialized. For other weights, we use

the same pretrained Stable Diffusion model, which was adopted for paired data generation,

as the base model for initialization.

The training setup includes a batch size of 4 and a learning rate of 5e-6. All models are

trained for 200,000 steps, and the training process takes approximately 3 days on a single

A100 GPU.

5.5.3 Mask-Guided Editing using Trained Model

During the inference phase, we set the timestep T to 20 and utilize the UniPC scheduler [330]

for all tasks. Regarding the guidance scale for the classifier-free guidance, we configure

s1 = 3, s2 = 3, and s3 = 5. Here, s1, s2, and s3 correspond to image embeddings, input

embeddings, and text embeddings, respectively.

For detailed implementation of mask computation, we first add random noise to the

input image xA for 10 steps using the UniPC scheduler, resulting in zt. Subsequently, we

perform one-step denoising processes twice using the trained model, each with a distinct
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prompt – pa and pb. This yields z′t−1 (for reconstruction) and zt−1 (for target editing),

respectively. The distinction between zt−1 and z′t−1 is interpretable as the contrast between

applying editing and not applying it. This difference is then utilized to compute the editing

mask. Noteworthy is the use of pa for reconstruction, which, as opposed to utilizing a user-

defined source prompt in DiffEdit, ensures exact reconstruction and facilitates superior mask

computation. Now, we can compute a binary editing mask M by N(|zt−1−z′t−1|) > λ, where

regions with a mask value of 1 indicate areas related for editing, while those with a value

of 0 remain unaltered. λ serves as a constant threshold, where a larger value results in

fewer regions being marked for editing. We set λ to 0.2 and 0.35 for costume and cartoon

expression editing, respectively. The operation N(·) denotes the normalization of the values

to a range from 0 to 1, followed by a Gaussian blur with a kernel size of 5.

In practice, following the approach of DiffEdit [51], the above process is repeated with

a set of 10 different zt−1 and z′t−1 (generated with different random seeds) to enhance the

stability of the mask computation. This helps mitigate the potential impact of variations

introduced by different random seeds during the noise addition step.

5.6 Experiments

5.6.1 Datasets

For dataset generation details, please refer to section 5.5.1 for details.

5.6.2 Real-World Applications

Fig. 5.10 and Fig. 5.11 show more results of costume editing task. Fig. 5.12 and Fig. 5.13

showcase more expression editing results. In summary, our method outperforms all baselines

in both editing fidelity and the preservation of the subject’s features, while maintaining high

image quality.

5.6.3 Comparison on Validation Set

Fig. 5.14 and Fig. 5.15 show the comparison between our method and all baselines on

costume editing and expression editing dataset, respectively. Our method outperforms all
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Figure 5.10: Costume editing comparison with baselines on in-the-wild images. Editing

directions from top to bottom are to flower, sheep, Santa, and royal costume. Our method

produces high-quality editing results while preserving the subject features.
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Figure 5.11: Costume editing comparison with baselines on in-the-wild images. Editing

directions from top to bottom are to flower, sheep, Santa, and royal costume. Our method

produces high-quality editing results while preserving the subject features.
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Figure 5.12: Expression editing comparison with baselines on cartoon input produced by

DreamBooth. Editing directions from top to bottom are to angry, shocked, laughing, and

crying expression. Our method produces high-quality editing results while preserving the

subject features.



115

Figure 5.13: Expression editing comparison with baselines on cartoon input produced by

DreamBooth. Editing directions from top to bottom are to angry, shocked, laughing, and

crying expression. Our method produces high-quality editing results while preserving the

subject features.
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baselines in generating high-quality editing outputs.

5.6.4 Ablation Study

Fig. 5.16 shows additional results of ablation of different condition for MCDM, demonstrat-

ing the effectiveness of our final design.
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Figure 5.14: Costume editing comparison on validation set. Editing directions from top to

bottom are to flower, sheep, Santa, and royal costume. Our method produces high-quality

editing results while preserving the subject feature. Note that validation set input is from

generated pairs, so baseline results look better than those in real-world applications.
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Figure 5.15: Expression editing comparison on validation set. Editing directions from top to

bottom are to angry, shocked, laughing, and crying expression. Our method produces high-

quality editing results while preserving the subject feature. Note that validation set input

is from generated pairs, so baseline results look better than those in real-world applications.
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Figure 5.16: Ablation Study of design choice of different conditions of MCDM. Training from

scratch (b) yields the poorest image quality due to the absence of image generation priors

and text prompt interpretation. Dropping spatial embeddings (c) fails to preserve spatial

layout. Excluding image embeddings (d) fails to learn precise editing direction, leading to

artifacts in the outputs. In contrast, our full pipeline (e) produces the best editing results.
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Chapter 6

INVERSE PAINTING: RECONSTRUCTING THE PAINTING
PROCESS

This chapter presents the research project Inverse Painting: Reconstructing The Paint-

ing Process [36], conducted with Yifan Wang, Brian Curless, Ira Kemelmacher-Shlizerman,

and Steven M. Seitz. The subsequent analysis and comparisons to related studies in this

chapter are based on the prevailing state of the art at the time of this work.

When we look at a painting, we see only the final outcome of the artist’s creative process.

Leonardo da Vinci worked on the Mona Lisa for 16 years – it would be fascinating to see a

time-lapse video of the Mona Lisa’s creation. While no such video exists for Leonardo, there

are many videos online in which artists have filmed the creation of entire paintings [121, 3,

4, 116]. These visualizations are fascinating in the way they show hidden layers, structures,

and provide insight into the artistic creation process. While such visualizations currently

exist for only a tiny subset of paintings in the world, we propose to train machine learning

models on such data to predict how a wide variety of other paintings could have been

made. While the resulting videos should not be treated as accurate reconstructions of

any specific painting’s creation, they are nonetheless intriguing and insightful as plausible

reconstructions, in capturing rules that many painters employ, such as layering, back-to-

front-ordering, and focusing on objects/regions in stages[63, 3, 21, 121]. While our approach

was trained only on acrylic paintings of landscapes, as shown in Fig. 6.2, we believe that

future models could produce plausible visualizations for almost any piece of art.

Previous approaches [111, 239, 76, 238, 56, 110, 344, 167] rely on hand-crafted painting

principles instead of learning them from the real painting processes. The most relevant work,

Timecraft [328], generates time-lapse videos by learning from actual painting videos. How-

ever, it operates only on low-resolution (50x50 pixels) patches and therefore lacks holistic

semantic context.
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Generated Painting Process (Sampled Keyframes)

Input

Input

Figure 6.1: We present Inverse Painting, a diffusion-based method to generate time-lapse

videos of the painting process from a target painting. By training on acrylic paintings with

a similar artistic style to that of the first example in this figure, our method is capable of

handling a diverse range of styles (e.g., oil painting, above bottom). The resulting videos

resemble how human artists typically paint, for example, from back to front, focusing on

semantic objects or regions at a time, and employing layering techniques. Image courtesy

Catherine Kay Greenup.

Figure 6.2: How a real artist paints. Time lapse from a real painting video, representative

of the training painting style. The artist uses a back-to-front order with layering techniques,

starting with the sky, then clouds, mountains, and other elements. The artist typically

focuses on one semantic region at a time.

We define this task as an autoregressive image generation problem. It begins with a

blank canvas, which is iteratively updated based on its current state and the target painting.
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This sequential updating continues until the artwork is completed. To implement this, one

possible approach, similar to Timecraft [328], is to train a network that takes the current

and target images as inputs and outputs the updated canvas at each step. However, we’ve

found that a purely pixel-based approach struggles to produce reasonable results in practice,

and thus we incorporate additional semantic analysis.

In particular, we draw inspiration from the techniques used by human artists. Consider

the second painting in Fig. 6.1. Initially, an artist decides on the semantic content to depict

– such as the sky – and selects appropriate areas of the canvas for this content, such as

the upper portion. Subsequently, the artist applies specific paints to these regions, using

blue for the sky, while leaving contents such as clouds for later stages. Building on this

observation, we design a two-stage method that decomposes the instruction generation and

canvas rendering. In the first stage, we generate a textual instruction and a corresponding

region mask from the current and target images. The textual instruction provides high-level

guidance on the order of painting, and its corresponding region mask directs the focus area.

In the second stage, a diffusion-based renderer is proposed to leverage the textual instruction

and region mask, in conjunction with the current and target images, to effectively update

the canvas.

Our method can handle in-the-wild landscape paintings across diverse artistic styles

(e.g ., Impressionism and Realism) and color themes, ranging from dark to bright. We

demonstrate that our approach surpasses current state-of-the-art methods in creating high-

quality, human-like painting videos, supported by both qualitative and quantitative results,

as well as human studies.

6.1 Related Work

6.1.1 Painting Process Generation

Stroke-based rendering is a computer graphics technique that creates non-photorealistic im-

ages by placing discrete elements like brush strokes instead of traditional pixels [87, 99, 246,

67, 161, 85, 76, 287, 168, 117, 69]. The painting process can be obtained by visualizing

the sequence of element placement. However, many studies mainly focus on generating
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images in various artistic styles [344, 161, 287, 168, 139]. They often overlook the order

and position of brush stroke placement, resulting in a non-human-like painting process.

To produce a more human-like painting process, recent work constrains the placement of

brush strokes based on predefined painting principles using techniques such as reinforce-

ment learning (RL) [111, 239, 76, 238, 56, 110, 344] or Transformers [167]. For example,

[167] developed a Transformer-based [257] feed-forward painter that applies a coarse-to-fine

painting strategy. Initially, the painter works from a blurry (downsampled) version of the

target painting, progressively refining the canvas using higher-resolution versions until the

painting is complete.

However, these techniques face two limitations: (1) They rely on hand-crafted painting

principles that do not accurately mimic the actual human painting process, whereas our

method learns from real-world painting data. (2) Their parameterized brush strokes fail to

capture the full variation observed in real painting processes and result in an approximate

version of the target painting. In contrast, our diffusion-based renderer effectively handles

these variations and recreates the target painting more accurately.

Another stream of work, pixel-based generation, generates the painting process by di-

rectly updating pixels on the canvas [328, 147, 277]. [277] used a Vision Transformer

(ViT) [62] to map a target image to a series of 9 intermediate images via a non-autoregressive

approach. However, this method is specifically tailored for traditional Chinese painting.

The work most related to ours is Timecraft [328], which generates time-lapse videos from

paintings by learning from actual painting videos. However, their method is limited to low-

resolution (50x50 pixels) crops, neglecting the full artwork’s context. Our method handles

full paintings with higher resolution.

6.1.2 Diffusion Models

Diffusion models have recently demonstrated their success in various tasks such as text-

to-image [209, 221, 217], image-to-image translation [33, 298], and image-to-video synthe-

sis [107, 20]. [20] developed a latent video diffusion model capable of generating videos from

an initial frame. [107] proposed a diffusion framework to synthesize character animation
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videos from a reference image and a sequence of target poses. This framework includes a

component called ReferenceNet to inject features from the reference image directly into the

denoising UNet of the diffusion model. In this paper, we adopt the ReferenceNet to inject

the target image into our diffusion-based renderer.

6.2 Our Method

In a real painting process, an artist continually applies changes to the current state of the

canvas. Our method formulates this process as an autoregressive image generation prob-

lem. Given a target painting IT as input, we reconstruct a time-lapse video consisting of

T keyframes {Î1, ..., ÎT }, starting from a blank canvas I0 progressively towards the target

IT . Each keyframe transition represents a fixed time interval, a feature of time-lapse videos.

We start by presenting a one-step canvas rendering approach for each canvas update and

discussing its limitations in Sec. 6.2.1. This motivates our two-stage design, which incor-

porates additional semantic analysis. The details of the training process are described in

Sec. 6.2.2 and 6.2.3, while the testing is covered in Sec. 6.2.4. Fig. 6.3 shows an overview of

the method.

6.2.1 One-Stage Canvas Rendering Approach

For clarity, we will refer to step t−1 as the current step and step t as the next step. The goal

is to render next image Ît based on Ît−1 and IT . We approach this as an image translation

problem, and design a diffusion-based renderer based on the denoising UNet gu from Stable

Diffusion [217]. This renderer leverages image priors to enhance image quality by initializing

gu with pretrained weights from Stable Diffusion.

We train this diffusion-based renderer with inputs {It−1, IT ,∆t}, where It−1 is the

ground-truth (GT) current image, and ∆t is the actual time interval between It−1 and GT

next image It. By incorporating ∆t, we model the time spent on each update in the painting

process, enabling the generation of videos with time-informed keyframes during testing. The

output Ît, which predicts the next image, is supervised using It. For supervision, we start

with a clean latent z0 = EI(It), where EI is the pretrained VAE encoder in Stable Diffusion.

We then apply the forward process to produce a noisy latent zs = βsz0 + (1 − βs)ϵ, where
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Figure 6.3: Method overview. The training has two stages. The instruction generation

stage (left two gray boxes) includes the text instruction generator (green) and the mask in-

struction generator (light orange). These generators produce the text and mask instructions

essential for updating the canvas in the next stage. The second stage is canvas rendering

(third gray box), where a diffusion-based renderer generates the next image based on mul-

tiple conditional signals, such as text and mask instructions. Omitting the text and mask

(purple boxes) yields the one-stage method described in Sec. 6.2.1. To simplify the figure,

we omit the VAE encoder, CLIP encoder, and text encoder. During testing at step t − 1

(last gray box), we first generate a text instruction (green arrows), which is then used to

create a region mask (orange arrows). Both are then provided to the canvas rendering stage

to produce the next image (blue arrows). Image courtesy Catherine Kay Greenup.

s denotes a randomly sampled denoising timestep, ϵ represents Gaussian noise, and βs is a

weighting parameter dependent on s. The denoising UNet gu is then employed to denoise

zs. We update the parameters of the renderer by minimizing the following loss function:

L = Es,z0,ϵ||gu(zs, c, s) − ϵ||22, (6.1)

where c represents the conditional signals of gu, consisting of features of {IT , It−1,∆t}. We

extract these features using ReferenceNet gr, feature encoder gf , time encoder gt and next

CLIP generator gc. During the training, we jointly update gu, gr, gf , gt, and gc using

Eq. 6.1. Please refer to the gray box “Training: Canvas Rendering” in Fig. 6.3 (excluding

the mask and text in the purple box).

For ReferenceNet gr, the target image IT is integrated into gu through gr, as introduced
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in [107]. The ReferenceNet gr utilizes the same UNet architecture and pretrained weights

(for initialization) from Stable Diffusion [217], ensuring feature extraction within the same

feature space as gu. It takes the target image IT as input, and extracts intermediate

feature maps from its self-attention layers. These feature maps are then fused into gu

by concatenating them with corresponding feature maps from the same layers in gu. We

opt for the design of ReferenceNet because it fuses features more effectively than other

designs, such as ControlNet [322], in practice.

For Feature encoder gf , it consists of a shallow convolutional neural network (CNN)

to encode It−1, denoted as gf (It−1). We found that this shallow network effectively learns

features of It−1 while saving computational time. The encoded feature map has the same

spatial resolution of zs (noisy latent of It), and is concatenated with zs along channel

dimension as spatial input to the gu during training. The first layer of gu is modified to

adjust to the new channel dimension.

For time encoder gt, it applies positional encoding – same as that used in NeRF [180] –

to the ∆t, followed by a multi-layer perceptron (MLP) that maps the positional encoding

feature dimension from 21 to 768. This results in the time embeddings gt(∆t). The advan-

tage of positional encoding lies in its ability to adapt to varying ∆t across different training

samples. This continuous encoding enhances interpolation capabilities, useful for handling

specific time intervals during testing. Moreover, to provide additional painting guidance

for gu, we introduce the next CLIP generator gc, implemented as an MLP. This module

inputs the CLIP embeddings of It−1 and IT , and outputs the predicted CLIP feature of

the next image. This predicted CLIP feature and gt(∆t) are concatenated and fed into the

cross-attention layers of gu.

Fig. 6.5 (b) illustrates the results of using this model without incorporating ∆t. In this

scenario, significant content is added in a single update, which does not effectively represent

the progressive nature of the painting process. When ∆t is included through gt (Fig. 6.5 (c)),

the new content volume per update is better controlled; however, this approach still results

in unnatural rendering of mountains, as the yellow layers prematurely appear before the

completion of the green mountain base. This indicates that a purely pixel-based network

struggles to fully capture the semantics of the painting, prompting the need for more explicit
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semantic controls.

6.2.2 Training: Instruction Generation

To address the aforementioned issues of the purely pixel-based method, we draw inspiration

from typical artistic practices, where artists decide what to paint and where, then apply

paint accordingly. Based on this observation, we propose a two-stage method (Fig. 6.3)

where we first generate text and mask instructions as semantic guidance. These instructions

are then used to steer the diffusion-based renderer. In this section, we describe the training

of a text and mask generator. These two generators are used to produce two types of

instructions for each canvas update: a text instruction p̂t, describes what semantic content to

paint, and a region mask M̂t, specifies the focus regions corresponding to the text instruction.

Text Instruction Generator

Like an artist who envisions a target image and compares it to the current state of the work

to decide what to paint next, our text instruction generator must discern visual content and

generate appropriate textual instructions. This provides high-level guidance for the painting

order. We implement this generator using the architecture of a large vision-language model

LLaVA [162]. LLaVA accepts a single image combined with a question text prompt and

produces a response text prompt. For training, as the generator requires a single image

input, we horizontally concatenate the target image, IT , and the ground-truth current

image, It−1, to form the input. The text instruction p̂t is generated as follows:

p̂t = gtext([IT , It−1], p), (6.2)

where gtext is the generator, and [·, ·] is horizontal concatenation of two images. p is the

question text prompt (details in supplementary).

To enhance the model’s performance and reduce training time, we initialize the text

generator, gtext with pretrained weights of LLaVA 1.5 [162]. The text generator is fine-

tuned with full supervision of the ground-truth text instructions pt. The leftmost gray box

in Fig. 6.3 visualizes this process, where “grass” is generated as the text instruction for the

next step.
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Figure 6.4: Generated text instructions. The sequence of generated text instructions

(yellow text and arrows) demonstrate a natural painting order, arranging elements from

back to front such as clouds over the sky, flowers over grass, and reflections over water. The

“Details” in the right image refers to water texture and small details on the island. Each text

instruction may repeat over multiple frames but is displayed only once for simplification1.

Fig. 6.4 shows the text instructions generated during the painting process of in-the-wild

paintings at test time. These instructions guide our renderer to use layering techniques,

painting from back to front. This demonstrates that gtext not only captures the semantic

essence of the target paintings but also effectively learns the painting order from the dataset.

Mask Instruction Generator

On top of what to paint, an artist also decides where on the canvas to apply the content.

Our method formulates this as a binary region mask, M̂t. This mask provides instructions

that specify focus regions for each step of the painting process. For training, as visualized

in the second gray box in Fig. 6.3, our mask instruction generator considers 4 factors to

determine the intended painting region: (1) The GT current image It−1 and target image

IT . (2) Text instruction pt. During training, we use the ground-truth instruction pt to

ensure that the training is guided by accurate instructional data. (3) Difference mask Md,

2Image courtesy Claude Monet, Poppy Field (Giverny), 1890, The Art Institute of Chicago. Image
courtesy Cleveland Museum of Art.
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which represents areas of the current canvas that are still incomplete relative to the target

image. This binary mask Md is derived by computing the difference map between IT and

It−1 using perceptual distance [325]. This difference map is then binarized using a threshold

α = 0.2, setting pixels with values above α to 1 in Md. Formally, we define the operations

of computing Md as D(IT , It−1, α). (4) Time interval ∆t, which can influence the size of

the intended painting regions, as less area may be covered when less time is available.

Considering all these factors, we design our mask instruction generator based on the

UNet proposed in Stable Diffusion (but without noise as input). The cross-attention design

of this UNet architecture allows us to seamlessly incorporate textual and time interval

information as conditional signals.

The mask generator gmask has two inputs. The first one is spatial input, which includes

IT , It−1, and Md. Specifically, we begin by encoding IT and It−1 using the pretrained VAE

image encoder EI . This encoder reduces the spatial resolution by a factor of 8 and converts

the channel dimension from 3 to 4. We then concatenate these encoded images with the

downsampled Md (notation remains unchanged for simplicity) along the channel axis to

form the composite spatial input: [EI(IT ), EI(It−1),Md]. This spatial input is fed into the

UNet similarly to Sec. 6.2.1.

The second one is the conditional input, which encodes pt and ∆t. We first use the

pretrained text encoder gp in Stable Diffusion to encode pt, producing a text embedding with

77 tokens, each of dimension 768. For ∆t, similar to Sec. 6.2.1, we use gt (same architecture

but different weights) to compute time embeddings with dimension 1 x 768. The time

embedding is treated as an additional token and concatenated with the text embeddings to

form the 78-token conditional input [gp(pt), gt(∆t)] for cross-attention layers. Formally, we

denote the generation of M̂t as follows:

M̂t = gmask([EI(IT ), EI(It−1),Md], [gp(pt), gt(∆t)]). (6.3)

During the training, we keep gp and EI frozen, and update weights in gmask and gt. The

training is supervised by the downsampled GT mask Mt = D(It, It−1, α) using the binary

cross-entropy loss.
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(a) Inputs (b) CLIP Embed

(CE)

(c) CE + Time

Embed (TE)

(d) CE + TE +

Text

(e) CE + TE +

Mask

(f) CE + TE +

Text + Mask

Figure 6.5: Effects of conditional signals. (a) shows the current canvas and target image

(inset). With only predicted CLIP embeddings of the next image (b), the model generates

excessive content per update. Including time intervals (c) properly limits new content

volume but results in unnatural mountain rendering. Omitting the mask instruction (d)

causes the renderer to complete the mountain area in one step, relying heavily on the text

instruction “mountain”. Omitting the text instruction (e) results in generating some of the

green lake (red arrow) before completing the mountain (mask shown in the inset). The full

pipeline (f) updates the canvas at a reasonable pace, drawing the top of the mountain in

green, before layering on the yellow region. Image courtesy Catherine Kay Greenup.

6.2.3 Training: Canvas Rendering

Canvas rendering aims to generate Ît using the current and target images, alongside text and

mask instructions, within a specified time interval. We modify the diffusion renderer intro-

duced in Sec. 6.2.1 to integrate text and mask instructions while keeping other components

unchanged, as shown in Fig. 6.3 (third gray box). For training, we use the ground-truth

text and mask. Specifically, we replace gf (It−1) with gf ([It−1,Mt]). Here [·, ·] refers to con-

catenation along channel axis. We modify first layer of gf to handle this change. The text

pt is encoded by gp, concatenated with predicted CLIP embeddings and time embeddings,

and then input into the cross-attention layers. We found these CLIP embeddings provide

semantic features beyond what is captured by explicit text and mask instructions alone.

For instance, consider column 2 in row 1 of Fig. 6.6, where the text “mountain” and its

corresponding mask serve as the instructions. These instructions do not specify whether

the mountain should be painted with intricate details or in a rough, preliminary form, with
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Target Image

Target Image

water whale details details details

mountain grass grasssky mountain

17 more frames

…

13 frames

…

Figure 6.6: Qualitative results with generated texts and masks. We show five

consecutive generated keyframes (left) given in-the-wild target images (far-right). The text

(caption) and mask (inset) for each keyframe are the generated instructions used to produce

that keyframe. The first row illustrates the early stages of the process, where our method

paints sequentially from back (sky) to front (grass), typically focusing on one subject per

keyframe based on the provided text and mask. For instance, keyframes 4 and 5 focus

exclusively on grass, disregarding other elements like trees (layered on later) that occupy

the same region of the target image. The second row depicts the final stages of the painting

process for a different painting. Here, our method paints the water before layering on

the whale. The process concludes with the addition of final details scattered throughout

the painting (as guided by text and mask), mimicking techniques used by human artists.

The resulting keyframe sequence reflect human-like decisions in painting order, semantic

attention, and layering techniques. Images courtesy Catherine Kay Greenup.

finer details to be added later. Without CLIP embeddings, the model completes the moun-

tain in full detail, deviating from the painting style of the training set. Incorporating the

embeddings helps guide the model to adhere to the painting style.

Fig. 6.5 demonstrates the impact of excluding various conditional signals. By omitting

the mask, variant (d) generates the entire semantic content (i.e., mountain) at once, under-

scoring the importance of pixel-level mask guidance. Without text for high-level semantic

guidance, variant (e) unexpectedly paints some of the green lake on the canvas. In contrast,

the full pipeline (f) achieves the most natural result by integrating all these conditions.
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6.2.4 Test-Time Generation

At inference time, we begin with a blank (white) canvas I0, and update this canvas au-

toregressively using our trained pipeline to approximate a target painting IT . We use a

fixed time interval ∆̂t across all steps, following our definition of keyframes. This process is

terminated when minimal updates are applied (see supplementary). We visualize an update

in a specific step t − 1 in Fig. 6.3 (the rightmost gray box). Given the current image Ît−1

predicted by previous step, we first generate the text instruction p̂t by employing Eq.6.2

and substituting It−1 with Ît−1. Then we compute the mask M̂t using Eq.6.3 by replacing

It−1 with Ît−1, Md with M̂d = D(IT , Ît−1, α), pt with p̂t, and ∆t with ∆̂t. Finally, to render

Ît, we start with random noise zS and perform S denoising steps using {Ît−1, IT , p̂t, M̂t, ∆̂t}
through diffusion renderer. This results in z0 which is decoded by the VAE decoder from

Stable Diffusion, producing Ît. Please refer to the supplementary for details on training and

test-time generation, including hyperparameters, execution time, and GT text annotations.

Fig. 6.6 visualizes consecutive keyframes of the painting process generated by our method,

guided by the text and mask instructions. In the early stages of the process (row 1), the

method typically focuses on a single semantic class per update. In latter stages of the

process (row 2), once the background is completed, the focus switches to completing fore-

ground and refining details. Here, “details” refer to fine elements typically painted in the

later stages such as the ocean spray. In the second row of Fig. 6.6, columns 4-6 illustrate

the finishing of these elements using the same text instruction “details” but different mask

instructions over three frames.

6.3 Experiments

6.3.1 Datasets

We collected a dataset of 294 videos from the web [3], showcasing typical landscape acrylic

painting processes featuring common themes like mountains, trees, flowers, and lakes. These

paintings depict various times of the day and weather conditions. Each video averages 9

minutes, often sped up for quicker viewing. The footage comprehensively captures the

complete painting process, including views of the canvas and palette as well as continuous
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hand and paintbrush movements throughout the video.

For data preprocessing, we employed a pretrained segmentation method [166] to segment

all video frames, cropping them to focus solely on the canvas areas. Further, the cropped

frames showing hands, paint strokes, or minimal changes were excluded. After preprocess-

ing, we divided the dataset into 265 training and 29 validation paintings. Both subsets have

an average of 27 frames per artwork, with time intervals averaging around 23.6 seconds in

training and 22.0 seconds in validation between frames. The training and validation sets

have 7261 and 783 pairs. During testing, the time interval is set to 20 seconds unless stated

otherwise.

6.3.2 Our Results

Fig. 6.7 shows the outcomes of our pipeline on in-the-wild paintings. First, the generated

painting process resembles human-like painting orderings, typically painting from back to

front, saving foreground objects and fine details for the last stages. For example, in row 2,

the sequence starts with the sky, moves to the mountain, trees and water, and finishes with

foreground objects and details such as the reflections, deck, and people. Second, each phase

of the painting process focuses on specific semantic objects or areas. For instance, transitions

from columns 2 to 6 in row 7 mainly focus sequentially on the distant bush, grass, and the

foreground tree. Third, the underlayering contents are reliably rendered in the intermediate

images when applying the layering techniques. For example, the base of the mountain is

painted in row 1, column 2, with additional details added in column 3. Similarly, clouds

are layered across the sky in row 6, columns 1 to 2. Finally, our method effectively handles

artworks of various aspect ratios and artistic styles, including Impressionism and Realism. It

also accommodates paintings with varied color themes. More results are in supplementary.

6.3.3 Baselines

We consider three baselines in the main paper (more baselines in supplementary). (1)Time-

craft [328] employs a conditional variational autoencoder to create time-lapse videos from

paintings. It trains on real painting videos to emulate the human painting process. How-
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Generated Painting Process (Sampled KeyFrames)

Figure 6.7: Qualitative results. We show results on in-the-wild paintings. Images cour-

tesy Catherine Kay Greenup, National Gallery of Art, Washington, and Michelle Shlizerman.
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ever, it handles only low-resolution 50x50 crops from downscaled paintings (126x168) due

to computational limits. We trained the model on our dataset following their training strat-

egy. For evaluation, we resized the target painting to 50x50 as input and scale the output

videos back to the original painting’s resolution. See the supplementary for evaluation on

cropped paintings. (2) Paint Transformer [167] generates a stroke-level painting process

from an input painting. This self-supervised method does not rely on real painting videos,

but instead employs a hand-crafted coarse-to-fine strategy to mimic human painting pro-

cess. We used the pretrained model provided by the authors for our comparisons. Please

see supplementary for more stroke-based rendering baselines [110, 344]. (3) Stable Video

Diffusion (SVD) [20] produces a 14- or 25-frame video given the first frame as input. We

fine-tuned a 14-frame model on our dataset using LoRA[105]. During this fine-tuning, we

sampled one frame from our training sequences as input and its previous 13 frames as ground

truth, padding with white images where necessary. For inference, the target painting was

input into the fine-tuned model to generate 14 frames. The final frame from this sequence

initiated the next set of 14 frames, continuing until a white canvas is achieved.

6.3.4 Metrics

We aim to evaluate the methods in 5 aspects. (1) Human-likeness of the painting order.

This measures whether the generated videos mimic human painting order. (2) Focus con-

sistency in canvas updates. This checks if each update targets specific, reasonable areas.

(3) Convergence speed towards the target painting. This evaluates the speed at which the

generated video progresses towards the target painting. (4) Adherence to specified time

intervals between keyframes. This evaluates whether the temporal progression between

generated keyframes aligns with predefined intervals, reflecting the dynamics of an actual

painting process. (5) Video quality. We design 5 metrics to cover these aspects.

• LPIPS. This addresses aspects (1) and (4). It calculates the perceptual distance

between each frame in the real painting video and the closest generated keyframe

based on the time. For example, a real frame at 1:17 is compared with the generated

frame at 1:20, assuming a 20-second time interval.
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• IoU (Intersection over Union). It evaluates aspect (2) without considering painting

order. We first compute difference masks for consecutive frames in both real and

generated videos using the function D (defined in Sec. 6.2.2). For each generated

difference mask, we then calculate the IoU with all real difference masks, selecting the

highest value as the final IoU.

• DDC (Difference of Distance Curve). It evaluates aspects (3) and (4) by comparing

the distance curves of the generated and real sequences. The distance curve of a

sequence depicts its progression towards the target painting, plotting time (x-axis,

minutes) against LPIPS distance (y-axis) between target and current images. We use

Dynamic Time Warping (DTW) [188] to compute the difference between generated

and real curves, accommodating time shifts.

• DTS (Difference of Time Spent). Evaluating aspect (4), DTS measures the temporal

difference in minutes between the durations of the real and generated painting videos.

• FID (Fréchet Inception Distance) [101] compares frames in generated and GT videos

for aspect (5).

To compute these metrics, for SVD and Timecraft (trained on our dataset), we set the

time interval to 23.6 seconds, matching our training set’s average. For the self-supervised

Paint Transformer, we set it to 2.8 seconds, based on the average training video duration

(561 seconds) divided by the number of frames (200). All metrics are calculated for each

painting and averaged across the validation set to derive overall performance metrics.

6.3.5 Comparison with Baseline

First, we present a qualitative comparison with baselines, as illustrated in Fig. 6.8. SVD

generates artifacts such as the red blocks in the sky regions of column 1. This issue occurs

because the target image has a tree that obscures this area, and SVD fails to realisti-

cally render the obscured regions. It also results in unreasonable painting orders and often

stalls during the painting process, leading to extended convergence times (columns 5 and
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Figure 6.8: Comparison with baselines. Displayed frames are evenly sampled from GT

(top row) and generated videos (other rows). The last GT frame (top-right) is used as input.

SVD produces noticeable artifacts such as strange color blocks and truncated tree trunks,

as highlighted by the red arrows in columns 1 and 3. Additionally, it produces unreasonable

painting orders and tends to get stuck during the process (e.g., minimal change between

columns 5 and 6). Paint Transformer displays a non-human-like painting order and can only

produce a “stylized” version of the target painting due to the limitations of parameterized

paintstrokes. Timecraft results in blurry outputs with noticeable artifacts. In contrast, our

method better mimics the human-like painting process and achieves higher visual quality.

6). Paint Transformer demonstrates a non-human-like painting order in which strokes are

added in parallel to different grid cells of a canvas. Timecraft produces visible artifacts in

low-resolution videos, likely because its conditional variational autoencoder does not match

the image generation quality of diffusion models. Besides, this pure pixel-based method also

produces unreasonable painting orders. Our model outperforms these baselines. Finally, we

present the quantitative comparisons in Table. 6.1. Our pipeline surpasses all tested base-

lines across all metrics. For additional comparisons and analysis, including the visualization
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Method LPIPS ↓ IoU ↑ DDC ↓ DTS ↓ FID ↓
Paint Transformer 0.643 0.104 94.61 6.057 337.3

Timecraft 0.602 0.251 153.2 9.964 289.8

SVD 0.500 0.197 135.5 8.577 168.3

Ours-TE-TG-MG 0.468 0.128 88.13 6.204 203.3

Ours-TG-MG 0.447 0.139 62.79 4.913 187.4

Ours-TE 0.413 0.375 58.81 4.153 167.5

Ours-MG 0.435 0.175 61.09 3.972 182.5

Ours-TG 0.399 0.400 39.41 2.120 161.1

Ours-RN 0.416 0.396 46.71 1.542 174.2

Ours-CE 0.371 0.402 34.16 1.346 158.4

Ours 10 0.369 0.349 35.27 1.693 158.7

Ours 30 0.387 0.353 36.26 1.933 151.7

Ours 0.364 0.418 32.66 1.273 150.6

Table 6.1: Comparison with baselines and our ablation variants. Our full model

(with a time interval of 20) outperforms all of them.

of distance curves and the distribution of their slopes, please refer to the supplementary.

6.3.6 Human Study

We conducted a human study on the generated painting processes of 8 in-the-wild paintings.

The 33 participants were first presented with 3 examples of the real painting process as

reference. Then for each painting, the participants were presented with 4 randomly shuffled

painting processes (1 for our method and 3 for baselines), and were asked to give a rating

from 1 to 5 (higher means better) for each process. We normalized the rating of each

example and user to remove the user bias. Our method achieves the highest average rating,

surpassing SVD by 1.9 times, Paint Transformer by 2.1 times, Timecraft by 3.0 times.
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These show that our method can produce a better painting process than baselines. Please

see supplementary for more details.

6.3.7 Ablation Study

We perform two ablation studies. The first one evaluates the different components in the

pipeline using 7 variants. (1) Ours-TE-TG-MG : full model excluding time embeddings,

text, and mask generators. (2) Ours-TG-MG : full model without text and mask genera-

tors. (3) Ours-TE : full model without time embeddings, omitting the time interval in the

pipeline. (4) Ours-MG : full model without the mask generator. (5) Ours-TG : full model

without the text generator, omitting text in the pipeline. (6) Ours-RN : full model without

ReferenceNet, where the target image is inputted to the feature encoder in a manner similar

to the current image. (7) Ours-CE : full model without the next CLIP generator. Results

shown in Table. 6.1 and Fig. 6.5 indicate that the full model surpasses all variants. In

addition to the discussion in Sec. 6.2, we observe that: (1) Ours outperforms Ours-TE, es-

pecially on DDC and DTS, highlighting the importance of time embeddings. (2) Ours-MG

exhibits poor performance in IoU, illustrating the effectiveness of mask guidance for focus

regions. (3) Ours outperforms Ours-RN, showing the effectiveness of using ReferenceNet to

inject target image features into the diffusion model. (4) Ours works better than Ours-CE,

indicating that the next CLIP generator offers beneficial complementary guidance.

The second ablation study evaluates the effect of different time intervals during testing.

We test two variants, Ours 10 and Ours 30, with time intervals set to 10 and 30 seconds

respectively. Table. 6.1 shows that the IoU for these variants is lower than Ours, which

might be because the average time interval in the validation set is around 22 seconds,

closer to Ours (20 seconds). This suggests that time embeddings effectively guide the mask

generator to produce reasonable size of region masks. Additionally, Fig. 6.9 visualizes the

impact of different time intervals on a single canvas update. A larger time interval leads

to a larger region mask and a more substantial update on the canvas, demonstrating how

time intervals can be used to regulate the number of frames required to complete a painting.

Different time intervals can also be used at various stages of the painting process based on
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(a) Current Image (b) 10 seconds (c) 20 seconds (d) 30 seconds (e) Target Image

Figure 6.9: Ablation of time interval. (a) and (e) show the current and target image,

respectively. (b) to (d) show the predicted next images and their masks (inset) given differ-

ent time intervals. As the time interval increases, the size of the predicted mask expands,

leading to more extensive updates on the canvas. Image courtesy Cleveland Museum of Art.

user needs.

6.3.8 Analysis of the Text and Mask Generators

First, we compare the entire sequences of our generated text instructions with the sequences

of GT instructions in two ways: (a) without considering order, 91% of our instructions

appear in the GT instructions, and (b) taking order into account by computing the longest

common subsequence (LCS) between GT and our instructions, 78% of our instructions are

included in the LCS. These show that our text generator provides reasonable instructions

for the painting order.

Second, instead of evaluating entire text instruction sequences, we evaluate a single

canvas update with GT current image and time interval as input. This enables the use of

GT text and masks for each update during evaluation. Our text generator produces text

instructions that align with GT text 72% of the time, outperforming the pretrained LLaVA

model used to initialize it (31%). When providing the predicted text as input to the mask

generator, the predicted mask’s IoU is 0.64, slightly lower than using GT text (0.70). These

demonstrate the text generator’s effectiveness.

Finally, we also evaluate our mask generator based on a single canvas update. Generating

masks by a pretrained segmentation method [166] using GT text yields an IoU of 0.42, lower
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(a) Input (b) Time Map

Figure 6.10: Emergent property. The time map (b), derived from the difference masks, is

similar to the (inverse) depth map of the target painting (a). This highlights our method’s

effectiveness in capturing the typical painting principle of layering from back to front, as

learned from the training videos. Image courtesy Simon Berger.

than our mask generator’s 0.70. Removing the text condition in our mask generator yields

a suboptimal IoU of 0.58. These results demonstrate the effectiveness of our mask generator

design.

6.4 Discussions

6.4.1 Emergent Property

Our method showcases an emergent property related to the painting principle, as depicted

in Fig. 6.10. The time map (b) is derived from difference masks M̂t between consecutive

keyframes in the generated videos. Each mask is weighted by its sequence position t and

merged into a single image, with overlapping areas selecting the highest value to form the

time map. This map is similar to a depth map, indicating that the back-to-front painting

principle – reflective of the artists’ styles in our training dataset – has been effectively

captured by our method.
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Figure 6.11: Failure cases. Trained only on landscapes, our method produces unnatural

results on portraits. Image courtesy the MET.

6.4.2 Limitations and Future Work

Our method has several limitations. First, it is trained on landscape paintings and struggles

to generalize to other types of paintings like portraits (Fig. 6.11). Future work will involve

extending its applicability to different genres. Second, our method currently exhibits limited

painting styles due to the training data. Training on a larger and more diverse dataset could

help the model learn various painting styles. Third, our method fails when encountering

paintings with large objects (e.g ., colosseum) that are uncommon in the landscape. In such

cases, the model can still paint the objects with the help of predicted CLIP embeddings,

but in an incorrect painting order. Incorporating a semantic map could potentially address

this issue.
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SUPPLEMENTARY MATERIAL

6.5 Implementation Details

In this section, we present the implementation details.

6.5.1 One-Step Canvas Rendering Approach

Please refer to Sec. 6.5.3 for implementation details.

6.5.2 Training: Instruction Generation

For text instruction generator gtext, we set the question prompt p to: “There are two

images side by side. The left image is an intermediate stage in a painting process of the

right image. Please tell me what content should be painted next? The answer should be

less than 2 words.”

We obtain the ground-truth text instructions pt with the assistance of the pretrained

LLaVA 1.5 model “LLaVA-v1.5-7B2”. Specifically, we horizontally concatenate the ground-

truth current image It−1 with the ground-truth next image It. We then input this concate-

nated image alongside the modified question prompt p′, which reads: “There are two images

side by side. The right image is the next step of the left image in the painting process of

a painting. Please tell me what is added to right image? The answer should be less than

2 words.” The LLaVA model then outputs the text instructions pt, where we manually

correct any inaccuracies in pt.

For fine-tuning gtext, we employ LoRA and train for 10 epochs, using a learning rate of

1e-4 and a batch size of 16. The fine-tuning process takes approximately 5 hours on a single

NVIDIA A100 GPU.

For the mask generator gmask, we implement this as the UNet architecture proposed by

Stable Diffusion [217]. The input layer of the UNet is modified to accept a 9-channel input,

2https://huggingface.co/liuhaotian/llava-v1.5-7b
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tailored for the spatial input components [EI(IT ), EI(It−1),Md]. For the time encoder gt, we

implement 3 fully connected layers that progressively increase the input feature dimension

from 21 to 256, 512, and finally 768. A ReLU activation function follows each fully connected

layer, with the exception of the last one to allow for linear output transformation. We train

gmask and gt for 80k steps with a learning rate of 1e-5 and a batch size of 1. The training

process takes approximately 13 hours on a single NVIDIA A100 GPU.

6.5.3 Training: Canvas Rendering

The feature extractor gf takes as input the ground-truth current image It−1 and region

mask Mt, outputs an encoded feature of them. This feature extractor is implemented as a

shallow network containing 9 convolutional layers, which scales the input spatial resolution

by 8. The next CLIP generator, denoted as gc, accepts the CLIP embeddings of both

the ground-truth current image, CLIP (It−1), and the target image, CLIP (IT ), as inputs.

It then outputs a prediction for the CLIP embedding of the next image. Within gc, the

embeddings CLIP (It−1) and CLIP (IT ) are concatenated along the feature dimension. This

concatenated vector is subsequently processed through a three-layer multi-layer perceptron

(MLP). The MLP’s layers map the features from dimensions of 1536 to 768, 384, and back

to 768 respectively. The ReLU activation function is employed at each layer except the

final one, where no activation is applied. The time encoder gt consists of 3 fully connected

layers, same as that introduced in Sec.6.5.2. For more details on the implementation of

ReferenceNet gr, please refer to [107].

We initialize gu using RealisticVision V5.1 [228]. The models within canvas rendering,

namely gu, gr, gf , gt, and gc, are jointly trained using a learning rate of 1 × 10−5 and a

batch size of 1. Each conditional signal is dropped (set to zero) 10 percent of the time, in

accordance with the classifier-free guidance method [104]. This enables us to control the

strength of each conditional signal at the test time inference. We train the models in 200k

steps, taking around 34 hours on a single NVIDIA A100 GPU.

For the one-stage approach outlined in Sec. 3.1 of the main paper, we use the same

training strategy but exclude text and mask instructions.
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6.5.4 Test-Time Generation

At a specific step t− 1, we render the subsequent image Ît using the trained pipeline. The

denoising process of the diffusion renderer employs a scheduler based on ancestral sampling,

specifically utilizing the Euler method steps [127]. The denoising timestep S is set to 25. For

classifier-free guidance, we assign guidance scales of 5 for text, mask, and time interval, and

a scale of 2 for the next CLIP embeddings. Each update in this process takes approximately

4 seconds on a single NVIDIA A100 GPU. The generation process is halted if the perceptual

distances between Ît−2 and Ît−1, and between Ît−1 and Ît, are both less than 1 × 10−3.

6.5.5 Baselines Details

For Timecraft, we train the model on our dataset using the default settings provided in the

official code. The training consists of two stages: pairwise optimization and sequence opti-

mization. In the first stage, we train the model for 500K steps, which takes approximately

4 hours on 2 TITAN XP GPUs. In the second stage, we train the model for 78K steps,

which takes around 25 hours on 2 TITAN XP GPUs. We observed that training with more

steps will degrade the model performance.

For Stable Video Diffusion (SVD), we fine-tune a 14-frame model on our dataset using

LoRA [105]. During fine-tuning, we sample one frame from our training sequences as input

and use its previous 13 frames as ground truth, padding with white images when necessary.

The target image is used as the input frame 40% of the time, while other images are

randomly selected otherwise. We fine-tune the model for 2K steps, which takes around 1.5

hours on 4 NVIDIA A100 GPUs. Fine-tuning for 2K steps yields the best performance;

more steps cause the model to produce painting videos that get stuck, while fewer steps

result in underfitting, causing the camera viewpoint to shift.

For Paint Transformer, we use the pretrained model provided by the authors for our

comparisons. This model generates 200 frames given an input painting. We additionally

evaluate two stroke-based rendering baselines [344, 110] and an amodal segmentation base-

line [192] in Sec. 6.6, please refer to Sec. 6.6.2 for their implementation details.
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6.6 Experiments

6.6.1 More Results

In Fig. 6.14, we show more results of our method. As discussed in the main paper, our

method can handle paintings with different styles and generate human-like painting process

in terms of painting order, focal region and layering techniques.

6.6.2 More Baselines

We compare our method with two additional stroke-based rendering baselines and an amodal

segmentation baseline.

Stylized Neural Painting [344] employs an optimization-based approach featuring a novel

neural renderer that mimics vector renderer behavior. Here, the stroke prediction is framed

as a parameter search process aiming to maximize the similarity between the input image

and the rendered output. We utilize the pretrained network “the oil-paint brush” provided

by the authors for comparison. This method generates 499 frames given a target painting.

Compositional Neural Painter [110] utilizes a phased RL strategy for predicting paint

regions and a painter network to determine stroke parameters. A neural stroke renderer is

then trained to apply the strokes onto the canvas based on the predicted stroke parameters.

We use the authors’ pretrained networks for comparison. This method generates 50 frames

from a target painting.

pix2gestalt [192] completes a partially visible object in the image given the partial seg-

ment mask of the object. We adapt it to out task as follows: (1) segment the target image

using [166], (2) complete each segment using the pretrained model of pix2gestalt, (3) place

completed segments on the canvas by depth (farther first). The depth of each segment is de-

termined by the average depth of its pixels, where the depth is estimated using a pretrained

depth estimation model [300]. Please note that we define the painting order heuristically,

as the baseline does not support learning this order.

Similar to the strategy used for Paint Transformer in the main paper, we set the time

intervals for these three baselines based on the average training video duration (561 seconds)

divided by the number of frames. This results in time intervals of 1.12 seconds for Stylized
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Neural Painting and 11.22 seconds for Compositional Neural Painter. The time interval of

pix2gestalt varies for different target images, depending on the number of detected segments

in the target image.

6.6.3 More Metrics

We also evaluate the quality of the generated videos using the Fréchet Video Distance

(FVD) [79]. While FVD might not be ideally suited for assessing time-lapse painting process

videos, we include it for the sake of comprehensiveness.

6.6.4 Baseline Comparison

We present more comparisons with baseline methods on both full and cropped paintings.

Full Paintings

We provide qualitative comparisons with all baselines for full paintings in Fig. 6.17 and

Fig. 6.18. The three stroke-based rendering baselines – Stylized Neural Painting, Compo-

sitional Neural Painter, and Paint Transformer – apply brushstrokes in a non-human-like

manner, as they are not trained on actual painting videos. Furthermore, due to the limi-

tations of parameterized brushstroke constraints, they produce only a “stylized” version of

the target painting. pix2gestalt ’s results are non-human-like and exhibited visual artifacts.

This is due to inaccurate predefined painting order, imperfect segmentation, and unneces-

sary paints on the canvas to complete unoccluded segments. SVD often gets stuck in the

painting process, evident in columns 1 to 2 of Fig. 6.17, and produces visual artifacts, such

as the unreasonable colors in columns 1 and 2 of Fig. 6.17 and columns 1 to 5 of Fig. 6.18.

Moreover, despite being trained on a real painting dataset, it still fails to mimic the human

painting order reasonably. Timecraft generates only very low-resolution sequences and in-

troduces noticeable visual artifacts. In contrast, our method significantly outperforms all

baselines in mimicking human-like painting sequences, focusing on focal areas, employing

layering techniques, and achieving good video quality.

Table. 6.2 presents the quantitative comparisons across all baselines and metrics. Our
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Evaluation on Full Paintings

Method LPIPS ↓ IoU ↑ DDC ↓ DTS ↓ FID ↓ FVD ↓
Stylized Neural Painting 0.669 0.031 122.2 8.782 358.3 1457

Compositional Neural Painter 0.680 0.049 91.93 7.507 374.8 1505

pix2gestalt 0.609 0.214 126.3 9.089 341.9 1576

Paint Transformer 0.643 0.104 94.61 6.057 337.3 1616

Timecraft 0.602 0.251 153.2 9.964 289.8 1582

SVD 0.500 0.197 135.5 8.577 168.3 1594

Ours-TE-TG-MG 0.468 0.128 88.13 6.204 203.3 1591

Ours-TG-MG 0.447 0.139 62.79 4.913 187.4 1468

Ours-TE 0.413 0.375 58.81 4.153 167.5 1319

Ours-MG 0.435 0.175 61.09 3.972 182.5 1471

Ours-TG 0.399 0.400 39.41 2.120 161.1 1418

Ours-RN 0.416 0.396 46.71 1.542 174.2 1464

Ours-CE 0.371 0.402 34.16 1.346 158.4 1326

Ours 10 0.369 0.349 35.27 1.693 158.7 1347

Ours 30 0.387 0.353 36.26 1.933 151.7 1279

Ours 0.364 0.418 32.66 1.273 150.6 1273

Evaluation on Cropped Paintings

Timecraft 0.647 0.165 166.29 6.743 363.0 1627

Ours 0.452 0.296 56.62 2.545 197.2 1034

Table 6.2: Comparison with baselines and our ablation variants on the full and

cropped paintings. Our full model (with a time interval of 20) outperforms all of them.

method outperforms all baselines in every evaluated metric.

Cropped Paintings

We compare with Timecraft by randomly selecting 3 low-resolution crops from every down-

sampled full painting in the validation set, following the cropping strategy presented in the

paper of Timecraft. Fig. 6.12 provides a qualitative comparison of cropped paintings with

Timecraft, where our approach yields a more authentic painting process in terms of painting

order, focus regions, and overall video quality. The quantitative results in Table. 6.2 further

demonstrate that our method outperforms Timecraft across all metrics.
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GT

Ours

TC

Figure 6.12: Qualitative comparison on low-resolution painting crops. We compare

with Timecraft (TC) on low-resolution painting crops. Timecraft produces artifacts and

fails to produce a human-like painting process. In contrast, our method delivers a more

realistic painting video with better quality.

6.6.5 Ablation Study

In Fig. 6.15, we present the ablation studies for variants omitting different conditional sig-

nals. Both one-step variants, Ours-TE-TG-MG and Ours-TG-MG, yield unsatisfactory

results, underscoring the significance of the two-stage design. Ours-MG heavily depends on

text instructions and tends to complete an entire semantic class with each update, unex-

pectedly accelerating the generation process excessively. Ours-TG struggles to comprehend

the semantic contents of the target paintings, consequently painting the grass and flowers

simultaneously without employing layering techniques. We further present qualitative re-

sults of the variants without considering predicted CLIP embedding (Ours-CE ) in Fig. 6.13.

It completes details of the mountain at an early stage, which fails to mimic the painting

style of artists in our training set. In contrast, Ours delivers the most human-like painting

process, characterized by a logical painting order, targeted focal regions, and proper use of

layering techniques.



150

(a) Current Image (b) Ours-CE (c) Ours (d) Target Image

Figure 6.13: Ablation of the predicted CLIP embeddings. The current and target

images are shown in (a) and (d), respectively. (b) and (c) represent the outputs generated

by different models at the same timestep, utilizing the same time interval, current image,

and target image. Without incorporating predicted CLIP embeddings (b), the model com-

pletes the mountain in full detail. The process involves frequent switching of color brushes,

deviating from the painting style observed in the training set. Our full model (c) paints the

base layer of the mountain first and leaves the details for latter stages, which follows the

artistic techniques presented by the artists in our training data. Please see Fig. 6 in the

main paper for more keyframes generated by the full model. Image courtesy Catherine Kay

Greenup.

6.6.6 Human Study

As described in the main paper, we normalized the ratings to remove user bias. Specifically,

we divided each participant’s rating for a specific painting sequence by the sum of their

ratings for all 4 painting sequences (of the same target painting). We then averaged these

normalized ratings across all paintings and participants for each method.

Our method achieved the highest average normalized rating, surpassing SVD by 1.9

times, Paint Transformer by 2.1 times, and Timecraft by 3.0 times (reported in the main

paper). Without normalization, our method received the highest rating at 4.21, compared

to SVD (2.96), Paint Transformer (2.11), and Timecraft (1.52).
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6.6.7 Influence of Random Seeds

In Fig. 6.16, we illustrate the outcomes of utilizing different random seeds for the diffusion

model in our methods. Although different seeds are used, the generated painting processes

generally follow a similar order, with minor variations in the sequence of painting foreground

objects. These variations are reflective of those observed in the training data, demonstrating

that our method can learn the general painting order from these slightly varied sequences

and capture the variability. This adaptability allows for the use of different random seeds

at inference time to achieve diverse results.

6.6.8 Error Accumulation

Our approach of training the diffusion models with GT inputs helps alleviate error accu-

mulation. Specifically, training with GT texts and masks avoids errors propagated from

the trained text and mask generators, achieving better LPIPS score of 0.364 compared to

training with predicted texts and masks (0.438). Additionally, training with GT current

frames enhances both stability and efficiency. Furthermore, during inference, using the tar-

get image as input helps the convergence of the painting process and further alleviates error

accumulation.
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Generated Painting Process (Sampled KeyFrames)

Figure 6.14: More qualitative results on our method. We show our results on

in-the-wild paintings, where the left 5 columns are sampled frames from the generated

painting process, and the rightmost column is the target image. Our method effectively

handles paintings across various artistic styles, color themes, and aspect ratios. The

generated sequences showcase human-like painting orders, maintain reasonable focal re-

gions during different phases, and employ layering painting techniques. Image courtesy

Julius Zorkoczy, Landscape with a Blooming Meadow, Slovenska narodna galeria, SNG,

https://www.webumenia.sk/dielo/SVK:SNG.K_1710. Image courtesy Henri Rousseau,

Virgin Forest with Sunset, Kunstmuseum Basel Museum. Image courtesy Catherine Kay

Greenup. Images courtesy Michelle Shlizerman.

https://www.webumenia.sk/dielo/SVK:SNG.K_1710
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Figure 6.15: Ablation study of different conditional signals. The row with “None”

means there are no enough keyframes for display. For instance, the first row has only four

keyframes, leaving the first two columns “None”. Ours-TE-TG-MG generates excessive

content for each update, resulting in only four keyframes throughout the entire painting

process. Ours-TG-MG slows generation slightly but still converges quickly. Besides, it also

produces unreasonable rendering, as shown in column 2. Ours-TG, relying heavily on text

instructions, tends to complete entire semantic classes in each update, promoting swift con-

vergence. Ours-MG leverages region masks to moderate the speed of generation. Yet, in

the absence of textual guidance, it struggles to adequately differentiate between semantic

classes. For example, in columns 4 to 6, the flower and grass are painted simultaneously,

rather than using layering techniques that complete the grass first and add the flower af-

terward. In contrast, Ours achieves a more logical and orderly painting process. Image

courtesy Julius Zorkoczy, Landscape with a Blooming Meadow, Slovenska narodna galeria,

SNG, https://www.webumenia.sk/dielo/SVK:SNG.K_1710.

https://www.webumenia.sk/dielo/SVK:SNG.K_1710
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Figure 6.16: Comparison of using different random seeds for the diffusion model

in our method. Each row displays the results of a specific random seed. Despite using

different random seeds, the painting orders are generally similar (i.e., back to front) with

slight differences in painting foreground objects. For example, rows 1 and 2 tend to address

the far ground and house in the final stages, whereas row 3 completes the far ground im-

mediately after finishing the background nearby. Both styles of painting order are observed

in the training set, and our method successfully captures these variations. Image courtesy

National Gallery of Art.
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Figure 6.17: Comparison with baselines on in-the-wild images. Our method signif-

icantly outperforms these baselines in generating a more human-like painting video with

better visual quality. Image courtesy Catherine Kay Greenup.
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Figure 6.18: Comparison with baselines on in-the-wild images. Our method signif-

icantly outperforms these baselines in generating a more human-like painting video with

better visual quality. Image courtesy Catherine Kay Greenup.
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Chapter 7

ALIGNING VISUAL FOUNDATION ENCODERS TO TOKENIZERS
FOR DIFFUSION MODELS

This chapter presents the research project Aligning Visual Foundation Encoders to To-

kenizers for Diffusion Models [32], conducted with Sai Bi, Hao Tan, He Zhang, Tianyuan

Zhang, Zhengqi Li, Yuanjun Xiong, Jianming Zhang, Kai Zhang. The subsequent analysis

and comparisons to related studies in this chapter are based on the prevailing state of the

art at the time of this work.

Diffusion models have recently emerged as the leading method for high-fidelity image

generation. A crucial component of training image diffusion models is the continuous visual

tokenizer, which defines the latent space where diffusion operates [216]. Training such a

tokenizer involves two tasks: (1) the encoder must learn a diffusion-friendly latent space,

often referred to as the diffusability of the latent space [240]; and (2) the decoder must

learn to reconstruct the input signal. A common practice for training a continuous visual

tokenizer is to adopt a variational autoencoder (VAE), optimized with reconstruction loss

and a lightly weighted KL regularization term. Since the KL term typically has only a

small weight, training is dominated by reconstruction loss, making the two tasks asymmet-

ric: the decoder’s reconstruction learning is direct and well-supervised, while the encoder’s

representation learning is indirect – the latent space is shaped largely as a byproduct of

reconstruction and only weakly regularized by the KL prior. As a result, the latent space

often develops an unpredictable structure dominated by low-level details, limiting its dif-

fusability [306].

Recent work on tokenizers for image diffusion models has explored adding constraints

such as semantic regularization (Fig. 7.1 left), which adds a loss term to encourage the

latent space to align with representations from large pretrained encoders [306, 40]. These

studies demonstrate that semantically grounded latents exhibit better diffusability, leading
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Figure 7.1: Regularization vs. Alignment.

to improved generation quality in diffusion models. However, these methods still fall short,

as the encoder must still learn semantic structure from scratch via the regularization loss

while simultaneously managing the competing reconstruction objective.

Our goal is to design an image tokenizer with stronger semantic grounding – hence

better diffusability – with competitive reconstruction ability. Our intuition is that learning

semantic is inherently more difficult than learning reconstruction. Thus, we take a different

perspective: rather than forcing the encoder to learn semantics from scratch, we align a

pretrained visual foundation encoder (e.g ., DINOv2 [191]) to a visual tokenizer (Fig. 7.1

right). Since the encoder already captures rich semantic structure, our alignment makes the

first task – learning a diffusion-friendly latent space (i.e., achieving strong diffusability) –

much easier. Training can then focus on equipping the tokenizer with reconstruction ability,

avoiding the difficulties of learning semantic from scratch.

We implement this idea through a three-stage alignment procedure. First, we freeze the

pretrained encoder and train a lightweight adapter and decoder with reconstruction loss, es-

tablishing a semantically grounded latent space. Second, we jointly optimize all components
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with an additional semantic preservation loss, enabling the encoder to capture fine-grained

perceptual details essential for both reconstruction and generation, while maintaining its

underlying semantic structure. Finally, we fine-tune only the decoder to enhance recon-

struction fidelity while keeping the latent space fixed. This progressive alignment preserves

a semantically rich, diffusion-friendly latent space that also retains the details necessary for

accurate reconstruction and high-quality generation.

We demonstrate the effectiveness of our method on both the ImageNet 256×256 dataset [59]

and the LAION dataset [225] by training diffusion models using our continuous tokenizers.

On ImageNet, our semantic tokenizer accelerates the convergence of diffusion models and

improves generation quality over previous methods, both with and without classifier-free

guidance (CFG), as well as in unconditional generation settings. To further validate scal-

ability, we train a 2B-parameter text-to-image diffusion model on LAION and show that

it converges significantly faster than the FLUX VAE [144]. We conjecture that these ben-

efits arise from a well-grounded semantic latent space, which provides a more structured

representation.

In summary, we propose a new paradigm for training visual tokenizers by aligning pre-

trained visual encoders. Our approach is simple, scalable, and effective, and we believe it

can open new directions in tokenizer design while inspiring future research in generative

modeling.

7.1 Related Work

7.1.1 Foundation Encoder for Representation Learning

Large-scale foundation visual encoders enable the extraction of rich, transferable represen-

tations from diverse visual data. Models such as CLIP [206], SigLIP [319], SigLIP 2 [253],

MAE [94], Perception Encoder [22], DINOv2 [191], and DINOv3 [237] demonstrate that

pretraining on massive datasets enables encoders to capture meaningful visual features that

generalize effectively across downstream visual understanding tasks. In this paper, we adopt

DINOv2 as our visual foundation encoder by default, since we empirically find that it is

more effective for diffusion modeling than alternatives such as SigLIP 2 and MAE.
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7.1.2 Image Tokenizers for Generative Models

Image tokenizers are essential for scaling visual generation. They use an encoder–decoder

framework to map images into compact latent spaces where generative models can operate

more effectively and efficiently [216]. A common practice in training tokenizers is to rely on

reconstruction losses such as L1 loss, perceptual loss, and adversarial loss [216, 140, 280, 283,

313, 240, 91, 236, 255]. Depending on the design, tokenizers are either continuous, where

the latent distribution is regularized by a KL loss, or discrete, where quantization with a

codebook is enforced via a VQ loss. While these methods achieve faithful reconstruction

fidelity, the resulting latent space is often dominated by fine-grained details because they

mainly rely on reconstruction loss, which can hinder generative performance.

Semantic Regularization. Recent methods introduce semantic regularization strate-

gies to enrich the image tokenizers with higher-level semantics [290, 40, 306, 44, 145, 299,

49, 172]. VA-VAE [306] introduces a continuous tokenizer for diffusion models by regular-

izing its latent space to be close to a pretrained encoder, whereas GigaTok [290] proposes

a discrete tokenizer for autoregressive models by imposing semantic constraints on decoder

features. Instead of using semantic regularization, we align a pretrained encoder that is

already capable of extracting high-level semantic representations, and show that this leads

to a more diffusion-friendly latent space. We conduct extensive comparisons with VA-VAE,

as both methods target diffusion models, and demonstrate that our alignment strategy

outperforms semantic regularization.

Pretrained Encoders as Discrete Tokenizers. The use of pretrained encoders in

tokenizers has also been studied, but primarily in the context of discrete tokenizers for

autoregressive models. One line of work treats the pretrained encoder as a fixed feature

extractor without fine-tuning it to encode perceptual details [333, 45, 288, 261]. Another

line of work fine-tunes pretrained encoders with additional architectural designs, such as

introducing extra encoders [205, 120] or decoders [88], or splitting encoder features into

separate vocabularies [243]. A third direction leverages contrastive learning, fine-tuning the

pretrained encoder with image–text supervision to capture semantic alignment [285, 174,

332, 157]. However, this strategy primarily assumes that the encoder is a language-aligned
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model (e.g ., SigLIP 2).

In contrast to these works on discrete tokenizers, we focus on continuous tokenizers

for diffusion models. Rather than introducing additional architectural design or requiring

image–text supervision, we keep the simple architecture of autoencoder and directly align

a pretrained encoder with a self-supervised semantic preservation loss. Our method can

generalize to any visual encoders, offering a simple and scalable path toward semantically

rich tokenizers for generative modeling.

Concurrent Work. [247] explores enabling pretrained CLIP with reconstruction abil-

ity. The key distinction is that we target diffusion-based generation, providing extensive

experiments showing that aligning a pretrained encoder yields latent space with better dif-

fusability than using semantic regularization. In contrast, their work focuses on unified

multimodal understanding, generation, and editing within a hybrid architecture that com-

bines multimodal large language models (MLLMs) with diffusion. Another difference is

that we study different foundation visual encoders and identify DINOv2 as particularly well

suited for latent diffusion models, whereas their focus remains on CLIP in the context of

unified modeling.

7.2 Method

We aim to build a semantic, diffusion-friendly visual tokenizer by aligning a pretrained visual

encoder. We begin with a review of latent diffusion models, followed by an introduction of

our method.

7.2.1 Background of Latent Diffusion Models in Image Generation

Latent diffusion models (LDMs) [216] operate by learning a denoising process in the com-

pressed latent space produced by a continuous visual tokenizer. The tokenizer consists of

an encoder E and a decoder D. The encoder maps an input image x ∈ RH×W×3 to a latent

code z0 = E(x) ∈ R
H
f ×W

f ×d
, where H is image height, W is image width, f is the down-

sampling factor and d is the channel dimension. The decoder reconstructs x̂ = D(z0). The

tokenizer is trained with a reconstruction objective combining pixel-level L1, perceptual,
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and adversarial losses:

Lrec = Lℓ1(x, x̂) + wp Lperceptual(x, x̂) + wg LGAN(x, x̂), (7.1)

where wp and wg are the weights for the perceptual and adversarial loss, respectively. In

addition, a KL regularization term is often included alongside the reconstruction loss to en-

courage a well-structured latent space. After training the tokenizer, a diffusion model learns

to reverse a forward noising process in this learned latent space. A common formulation is

flow matching, where we define an interpolating path:

zt = (1 − t) z0 + t z1, z1 ∼ N (0, I), t ∈ [0, 1], (7.2)

where t is the diffusion timestep. The velocity field is given by ut = d
dtzt = z1−z0. The diffu-

sion model vθ is trained to predict this velocity, with the loss LFM = Ez0,z1,t

[
∥vθ(zt, t) − ut∥22

]
.

7.2.2 Aligning Pretrained Encoder to Visual Tokenizer

Our method leverages a pretrained visual encoder, which offers rich semantic representa-

tions, and progressively adapts it into a diffusion-friendly visual tokenizer. This is im-

plemented through three alignment stages, as illustrated in Fig. 7.2. First, we align the

encoder’s semantic space to a generative latent space by training a lightweight adapter and

decoder (Latent Alignment). Second, we jointly optimize all components to enhance genera-

tion and reconstruction fidelity while preserving semantic structure (Perceptual Alignment).

Finally, we fine-tune the decoder to further improve reconstruction quality while keeping

the latent space untouched (Decoder Refinement).

Stage 1: Latent Alignment. As the first stage, the goal is to adapt the pretrained

encoder to create a latent space suitable for generation (Fig. 7.2 top). This requires that

the latent representations contain semantic information and can be mapped back to the

image domain for reconstruction.

Given an input image x, we extract its embedding using a frozen pretrained encoder Ep.

Since embeddings from encoders trained for representation learning tasks are typically very

high-dimensional (e.g ., 1024 channels for DINOv2-L/14 ), they are not directly suitable for

diffusion models, which usually operate in lower dimensions (e.g ., 32 or 64). To address
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Figure 7.2: Method Overview. Stage 1: Latent Alignment (top). The pretrained encoder

is kept frozen, while the adapter and decoder are trained with reconstruction loss to align

its output into a semantically grounded latent space for generation. Stage 2: Perceptual

Alignment (bottom left). All components are optimized jointly to enrich the latent space

with low-level details, while a semantic preservation loss ensures that it retains high-level

semantics. Stage 3: Decoder Refinement (bottom right). Only the decoder is fine-tuned

with reconstruction loss to enhance reconstruction fidelity.

this, we introduce an adapter A that projects the high-dimensional features into a compact

latent code of dimension d (32 by default):

z0 = A(Ep(x)). (7.3)

To complete the tokenizer, a decoder D is then introduced to reconstruct the input

image from z0. During this stage, only the adapter A and decoder D are trained with the

reconstruction loss in Eq. 7.1, while the pretrained encoder Ep remains frozen to ensure a

semantically-rich latent space. We omit the KL term because we found that it does not

provide benefits and only imposes unnecessary distributional constraints, which can distort

the encoder’s semantics in the latent space.

Although this stage yields a semantically grounded latent space, it does not achieve
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high-fidelity reconstruction (see a noticeable color shift in top right image of Fig. 7.2 and

the orange point in Fig. 7.3 left), as the frozen encoder cannot capture the fine-grained

perceptual details required for precise image reconstruction and high-quality generation.

Stage 2: Perceptual Alignment. The goal of this stage is to adapt the pretrained

encoder so that it can capture fine-grained, low-level image details while still preserving

semantic features, as shown in Fig. 7.2 (bottom left). Starting from the checkpoints of the

previous stage, we jointly optimize Ep, A, and D using the same reconstruction loss as

in Eq. 7.1. This encourages Ep to encode richer details, thereby improving reconstruction

quality, as indicated by the green curve in Fig. 7.3 (left). However, while reconstruction im-

proves rapidly, this optimization simultaneously causes the latent space to catastrophically

lose its semantic structure, as reflected by the sharp drop in linear probing accuracy (green

curve in Fig. 7.3 right). To address this issue, we introduce a simple yet effective semantic

preservation loss, which constrains the latent codes produced in the current stage to remain

close to those obtained in the previous stage. Formally, we define this loss as an L2 loss:

Lsp = Lℓ2(z∗0 , z0), (7.4)

where z∗0 and z0 are the latent codes produced by Ep and A in the current stage (being

updated) and the previous stage (kept frozen), respectively. An alternative is to apply

this loss directly on the output of Ep, providing more flexibility by leaving the adapter A

unregularized. However, we found this variant degrades generation quality (see ablation

study). The overall loss for this stage is:

Lpa = Lrec + wspLsp, (7.5)

where wsp = 1 balances the semantic preservation loss. As shown in Fig. 7.3 (blue curve),

this strategy maintains a semantically rich latent space while achieving comparable recon-

struction performance.

Stage 3: Decoder Refinement. The previous two stages already align the pre-trained

encoder into a visual tokenizer that significantly boosts generation performance. The goal

of this stage is to further refine the decoder to improve reconstruction quality, as shown in

Fig. 7.2 (bottom right). The key motivation is that, although the latent space is semantically
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Figure 7.3: Reconstruction vs. Semantic Preservation in Tokenizer Training.

Left : reconstruction FID (rFID) across training steps. Right : linear probing accuracy across

training steps. Linear probing accuracy is evaluated on the latent code (32 channels), except

for All Stages, Pre-Adapter (1024 channels), which is reported only for reference. In this

case, linear probing accuracy is measured on the feature before the adapter, using the same

checkpoint as Stage 2 w/ Semantic Preservation Loss.

aligned, the decoder may still underfit because the latent space kept changing throughout the

previous two stages. Fine-tuning the decoder alone allows it to better exploit the existing

latent representation without disturbing its semantic structure. Specifically, we continue

training from the second stage but only update the decoder. This preserves the learned

latent space and can even be applied after training the downstream generative model. As

shown in Fig. 7.3 left (purple curve), this stage improves reconstruction performance.

7.3 Experiments

We evaluate on two datasets: ImageNet 256×256 [59] and a subset of LAION-2B [225]. Most

ablation studies and baseline comparisons are conducted on ImageNet (Sec. 7.3.1–7.3.3),

followed by larger scale text-to-image experiments on LAION (Sec. 7.3.4). For ImageNet,

we set the downsampling ratio to f = 16, the latent channel dimension to d = 32, the

semantic preservation loss weight to wsp = 1, and the sampling step to 30, unless otherwise

specified. Same as VA-VAE [306], we use LightningDiT (∼673M parameters) as generative
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Table 7.1: Ablation study. Evaluated on ImageNet 256×256 at 80K training steps with 30

sampling steps, using the CFG scale that yields the lowest generation FID (gFID). Our full

three-stage model achieves the best balance between reconstruction and generation quality.

Configuration rFID↓ PSNR↑ LPIPS↓ L. P. Acc.↑ gFID↓ IS↑ Prec↑ Recall↑

Semantic Preservation Loss

Weight = 0 0.33 26.29 0.110 9.50% 3.05 215.1 0.832 0.550

Weight = 5 0.49 23.70 0.163 40.55% 2.48 244.4 0.836 0.566

Weight = 10 0.59 22.63 0.189 40.89% 2.59 243.5 0.839 0.562

Applied Pre-Adapter 0.34 25.78 0.118 15.61% 2.83 226.9 0.835 0.553

Cosine Loss 0.37 25.23 0.129 37.99% 2.23 248.6 0.819 0.585

Training Strategy for Stage 2

LoRA Fine-Tuning 1.35 26.18 0.121 18.56% 2.97 243.3 0.815 0.557

w/o EMA 0.33 25.70 0.122 35.04% 2.24 246.0 0.809 0.587

High-Level Design

Larger Decoder 0.36 26.27 0.121 27.24% 2.52 248.3 0.808 0.571

Stage 1 only 1.63 17.34 0.323 41.53% 3.00 246.4 0.843 0.529

Stage 1 + Stage 2 0.36 25.62 0.121 35.09% 2.19 248.6 0.811 0.591

Full Model 0.26 25.83 0.117 35.09% 2.17 249.3 0.811 0.599

model for ImageNet experiments.

Metrics. For ImageNet, we use reconstruction FID (rFID), PSNR, and LPIPS to

evaluate reconstruction quality; linear probing accuracy to assess the semantic structure of

latent space; and generation FID (gFID), Inception Score (IS), Precision (Prec), and Recall

to measure generative performance.

7.3.1 Ablation Study

We test different variants of our design and summarize them in Tab. 7.1. All variants we

test do not employ the third stage, thus we mainly compare them to Stage 1 + Stage 2 for

analysis.

Semantic Preservation Loss. We first analyze the effect of varying the weight of the
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semantic preservation loss in Eq. 7.5. Without this loss (weight = 0), the model achieves

slightly better reconstruction quality, but the linear probing accuracy and generative metrics

degrade, indicating that the latent space collapses toward low-level details at the expense

of semantic structure. Increasing the weight (5 or 10) enforces stronger preservation, which

improves generative performance over the one with weight = 0, but comes with a notable

drop in reconstruction fidelity. These results reveal a clear trade-off: too little preservation

leads to semantic drift, whereas too much preservation overly constrains the encoder and

harms pixel-level fidelity. In the Stage 1 + Stage 2 variant, a moderate weight of 1 achieves

the best balance between generation and reconstruction.

We also test a variant Applied Pre-Adapter where the semantic preservation loss is

applied directly on the outputs of the pretrained encoder (before adapter). This approach

partially preserves semantics, and the generation quality lags behind Stage 1 + Stage 2

variant. This may be because leaving the adapter unregularized gives it too much flexibility,

leading to a loss of semantic structure.

Training Strategy. We compare different optimization strategies for the perceptual align-

ment stage against the Stage 1 + Stage 2 variant. LoRA Fine-Tuning performs noticeably

worse, showing that restricting updates to low-rank adapters is insufficient for balancing

semantics and reconstruction. Removing EMA [128] slightly decreases generation perfor-

mance. The Stage 1 + Stage 2 variant uses EMA to stabilize training and thereby produce

a more stable latent space.

High-Level Design. We also evaluate alternative architectural and training-stage de-

signs. Employing a larger decoder (∼351M parameters), implemented as a hybrid trans-

former–CNN architecture following [290], yields slight improvements in reconstruction while

degrading generative performance. This suggests that increasing decoder capacity may not

yield additional benefits when training on a dataset of ImageNet’s scale. Using only the la-

tent alignment stage (stage 1) preserves high-level semantics but causes poor reconstruction,

rendering this configuration unsuitable for generative modeling. Introducing the perceptual

alignment stage (stage 2) resolves this issue, substantially improving both reconstruction

and generation, thereby validating the need to fine-tune the encoder. Extending to the

three-stage design with decoder refinement further strengthens reconstruction and slightly
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Table 7.2: Comparison of Various Pretrained Encoders. ImageNet 256×256 at 80K

steps; 30 sampling steps; CFG tuned for best gFID. Stage 3 is not applied.

Config. rFID↓ gFID↓ IS↑ Prec↑ Recall↑
MAE 0.29 3.12 216.5 0.834 0.543

SigLIP 2 0.35 2.22 246.1 0.816 0.576

DINOv2 0.36 2.19 248.6 0.811 0.591

improves generative quality, showing the importance of progressive alignment.

Other Pretrained Encoders. We compare different pretrained encoders as the back-

bone of our tokenizer. As shown in Tab. 7.2, MAE achieves the strongest reconstruction

fidelity but performs the worst in generation, likely due to its reconstruction objective. DI-

NOv2 achieves the best balance, delivering superior generation quality while maintaining

competitive reconstruction performance.

7.3.2 Comparison with Other Tokenizers

We provide a comprehensive comparison with two baselines: the vanilla VAE and VA-

VAE [306], which is a representative method that applies semantic regularization using a

pretrained DINOv2 model to the latent space. Unless otherwise noted, all baseline check-

points are taken from the official VA-VAE implementation.

Class-Conditional Generation

Sampling Step. In Fig. 7.4 left, we show that our method achieves better performance

than VA-VAE with fewer sampling steps. While VA-VAE requires more than 120 steps

to approach its best FID, our tokenizer reaches near-optimal performance with 80 steps.

Remarkably, our 50-step generations even surpass the quality of VA-VAE’s outputs at 250

steps – the default in its official implementation. We attribute this to the smoother latent

space, where discretization errors cause only minor variations, rather than drastic shifts

in color, semantics, or overall composition. This robustness allows the model to maintain
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Figure 7.4: Comparison of Sampling Steps, CFG Scales, and Convergence Speed.

Evaluated on ImageNet 256×256. Left : effect of sampling steps versus gFID at 80K training

steps. Middle: effect of CFG scale versus gFID at 80K training steps with 30 sampling

steps. Right : effect of training steps versus gFID with 30 sampling steps. QKNorm is

enabled during extended training to ensure stability. All gFIDs in the left and right figures

are reported using the best-searched CFG scale.

higher fidelity with fewer sampling steps.

CFG Scale. In Fig. 7.4 middle, we plot gFID versus CFG scale, where our tokenizer

consistently outperforms VA-VAE across the entire range. Notably, our method achieves

strong performance even at low CFG values, whereas VA-VAE relies on larger guidance

scales to reach comparable fidelity. This shows that our latent space already encodes well-

separated class semantics, reducing the dependence on aggressive guidance and yielding

better generations with smaller CFG.

Convergence Speed. We compare the convergence speed of generative model training

using our tokenizer against VA-VAE. As shown in Fig. 7.4 right, our approach consistently

achieves better gFID across training iterations. By aligning with a pretrained encoder rather

than relying on regularization, our method provides a more semantically structured latent

space. This leads to roughly 5x faster training, requiring only ∼60K steps compared to

VA-VAE’s 300K steps for comparable quality, when evaluated with 30 sampling steps.

Different Channel Dimensions. In Tab. 7.3, we compare Vanilla VAE, VA-VAE, and

our method using latent spaces with 32 and 64 channels. Key observations include: (1)

Vanilla VAE performs worst in terms of gFID. This is because its latent space primarily

encodes low-level details, which diffusion models struggle to exploit effectively. (2) Our
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Table 7.3: Comparison with Other Tokenizers. Evaluated on ImageNet 256×256 at

80K training steps with 30 sampling steps. The checkpoints for both the Vanilla VAE and

VA-VAE with CNN encoders are taken from the official VA-VAE repository. VA-VAE†

denotes the VA-VAE model we trained, using a ViT encoder that matches our architecture

but initialized from scratch.

Tokenizer Enc. Arch. rFID↓ L. P. Acc.↑ gFID (uncond)↓ gFID w/o CFG↓ gFID w/ CFG↓
f16d32 (downsampling factor 16, latent dimension 32)

Vanilla VAE CNN 0.26 6.04% 29.12 10.17 3.31

VA-VAE CNN 0.28 22.96% 19.12 7.79 3.13

VA-VAE† ViT 0.37 33.57% 18.27 8.21 3.16

Ours ViT 0.26 35.09% 11.80 4.05 2.17

f16d64 (downsampling factor 16, latent dimension 64)

Vanilla VAE CNN 0.17 5.09% 36.41 16.99 4.03

VA-VAE CNN 0.14 19.72% 26.70 12.23 3.20

VA-VAE† ViT 0.18 43.53% 19.81 7.92 3.19

Ours ViT 0.17 46.99% 14.40 5.24 2.34

method consistently outperforms VA-VAE in terms of gFID, regardless of whether CFG

is used. (3) When VA-VAE employs the same ViT encoder and is trained for the same

number of steps as ours, it achieves comparable linear probing accuracy but still falls short

in generative performance. This suggests that our semantic structure provides advantages

beyond class separation, yielding a more semantically organized latent space that boosts

the generative performance of diffusion models.

Unconditional Generation

We also evaluate our method in the unconditional setting (class number = 1), as shown in

Tab. 7.3. Our semantic latent space consistently outperforms baseline tokenizers, producing

higher-quality generations without relying on class information. It is worth noting that

all models are trained for only 80K steps, so the results may not reflect fully optimized

performance.
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Table 7.4: System-Level Comparison. We compare with VAR [251], MagViT-v2 [312],

MAR [150], l-DeTok [299], MaskDiT [335], DiT [199], SiT [177], FasterDiT [305], MDT [77],

MDTv2 [78], REPA [314], CausalFusion [58], MAETok [40], and VA-VAE [306]. Gray and

purple regions refer to LightningDiT trained for 64 epochs (80K training steps, no QKNorm)

and 800 (1M training steps, with QKNorm) epochs, respectively. Bold numbers indicate

the best result in each color block.

Method Tokenizer
# token ×

rFID↓
Training Gen w/o CFG Gen w/ CFG

# dim Epochs gFID ↓ IS ↑ Prec ↑ Recall ↑ gFID ↓ IS ↑ Prec ↑ Recall ↑
AutoRegressive (AR)

VAR-d30 - 256 × 32 - 350 - - - - 1.92 323.1 0.82 0.59

MagViT-v2 - 256 × 5 - 1080 3.65 200.5 - - 1.78 319.4 - -

MAR LDM 256 × 16 0.53 800 2.35 227.8 0.79 0.62 1.55 303.7 0.81 0.62

MAR-L l-DeTok 256 × 16 0.68 800 1.86 238.6 0.82 0.61 1.35 304.1 0.81 0.62

Diffusion Transformer Using SD-VAE

MaskDiT

SD-VAE 1024 × 4 0.61

1600 5.69 177.9 0.74 0.60 2.28 276.6 0.80 0.61

DiT 1400 9.62 121.5 0.67 0.67 2.27 278.2 0.83 0.57

SiT 1400 8.61 131.7 0.68 0.67 2.06 270.3 0.82 0.59

FasterDiT 400 7.91 131.3 0.67 0.69 2.03 264.0 0.81 0.60

MDT 1300 6.23 143.0 0.71 0.65 1.79 283.0 0.81 0.61

MDTv2 1080 - - - - 1.58 314.7 0.79 0.65

REPA 800 5.90 - - - 1.42 305.7 0.80 0.65

CausalFusion 800 3.61 180.9 0.75 0.66 1.77 282.3 0.82 0.61

LightningDiT without QKNorm

LightningDiT MAETok 128 × 32 0.48 320 2.21 208.3 - - 1.73 308.4 - -

LightningDiT VA-VAE 256 × 32 0.28 800 2.17 205.6 0.77 0.65 1.35 295.3 0.79 0.65

LightningDiT with QKNorm

LightningDiT VA-VAE 256 × 32 0.28 800 2.50 206.2 0.76 0.65 1.52 286.6 0.79 0.65

LightningDiT Ours 256 × 32 0.26 800 2.04 206.2 0.76 0.67 1.37 293.6 0.79 0.65

LightningDiT without QKNorm

LightningDiT VA-VAE 256 × 32 0.28 64 5.14 130.2 0.76 0.62 2.11 252.3 0.81 0.58

LightningDiT Ours 256 × 32 0.26 64 3.71 148.9 0.77 0.62 1.90 260.9 0.81 0.61
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Reconstruction

As shown in Tab. 7.3, our method achieves competitive reconstruction with 32 channels but

lags behind VA-VAE (CNN encoder) at 64 channels. Lowering the semantic preservation loss

weight and increasing learning rate in stage 2 improves reconstruction to match VA-VAE,

with only a slight drop in generation performance (still surpassing VA-VAE).

7.3.3 Comparison with Other Systems

We conduct a systematic comparison with other systems, as shown in Tab. 7.4. Both

VA-VAE and our method are sampled using 250 sampling steps. When comparing our

method to VA-VAE at 64 epochs (80K training steps), we surpass it in both reconstruction

and generation quality, highlighting our superior convergence speed. For the 800-epoch

setting (1M training steps), we retrain LightningDiT of VA-VAE using the official repository

with QKNorm enabled – necessary to avoid loss spikes, but slightly degrade generative

performance, as noted by the authors. Our method (with QKNorm) achieves a gFID of

1.37, outperforming VA-VAE’s 1.52 (with QKNorm) and comparable to the original VA-

VAE result of 1.35 (without QKNorm) reported in their paper.

7.3.4 Scale-Up Experiments on Text-to-Image Generation

We conduct a system-level comparison of our tokenizer with the widely adopted FLUX VAE

on the text-to-image generation task. We train our tokenizer on images resized so that their

shortest edge is 256 pixels, preserving aspect ratios. The diffusion model is trained for 200K

steps at 256 resolution and fine-tuned for 90K steps at 512 resolution, both with variable

aspect ratios.

For comparison, Fig. 7.5 presents results from generative models trained with our to-

kenizer and with FLUX VAE for 100K steps at 256×256 resolution. Our method pro-

duces images with better coherence, stronger text alignment, and competitive visual qual-

ity. Quantitative results (Tab. 7.5) further confirm the advantage of our approach. Fig. 7.6

presents our generated results at 512 resolution. Notably, our tokenizer is trained only on

256-resolution images, demonstrating its ability to generalize to unseen resolutions. These

results suggest that our approach scales effectively and can potentially serve as a strong
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Table 7.5: Quantitative Comparison on Text-to-Image (T2I) Generation with

FLUX VAE. Compared on COCO Prompt 6K, which has 6K captions sampled from the

COCO validation set. Each 2B-parameter T2I model is trained for 100K steps and evaluated

at 256×256 resolution with CFG. rFID is computed using 200K randomly sampled images

from the COYO-700M dataset [181].

Tokenizer rFID gFID KID HPSv2 PickScore ImageReward Aesthetic Scores CLIP Scores VQA Scores

FLUX VAE 0.102 35.78 0.018 0.242 0.397 0.162 5.411 31.21 0.775

Ours 0.443 30.27 0.015 0.249 0.603 0.564 5.573 32.21 0.849
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Figure 7.5: Qualitative Comparison on Text-to-Image Generation with FLUX

VAE. Input text prompts are shown below the images and results (256×256 resolution)

are generated from generative models trained for 100K steps. Our method (bottom row)

produces images with better coherence and prompt alignment compared to the one using

FLUX VAE (top row).

alternative to FLUX VAE in large-scale training.

7.4 Limitations and Discussions

Our method, while effective, has several limitations. First, although the semantic latent

space improves generative quality, its reconstruction ability still lags behind FLUX VAE.
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Figure 7.6: Qualitative Results of Our Method on Text-to-Image Generation at

512 Resolution. The input text prompts are shown below the images. Results are obtained

from diffusion models trained for 290K steps. The first four are square images, and the final

one has a 4:5 aspect ratio.

This gap could be narrowed with stronger decoders, larger channel dimensions, longer train-

ing, or scaling to larger models and compute budgets. Second, our evaluation is limited to

images up to 512 resolution. Exploring higher resolutions is an interesting future direction,

and the recently introduced DINOv3 – showing strong capability for variable resolutions –

could be leveraged for this purpose.

Our study highlights a key insight: aligning a pretrained semantic encoder yields a more

generation-friendly latent space than learning semantic from scratch. Although our work

focuses on tokenizers for image diffusion, extending this approach to video tokenization,

discrete tokenizers for autoregressive generation, and unified representations for multi-modal

models is a promising direction for future work. We hope our findings inspire a rethinking

of tokenizer design in generative modeling.
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SUPPLEMENTARY MATERIAL

7.5 Implementation Details

Tokenizer. For ImageNet, we set the downsampling ratio to f = 16, the latent channel di-

mension to d = 32. We use the pretrained DINOv2 checkpoint vit large patch14 dinov2.lvd142m

(∼304M parameters) [191] as encoder. The adapter is implemented as a two-layer MLP that

projects the 1024-dimensional encoder output into a 32-dimensional latent space. The de-

coder is a convolutional network with ∼42M parameters, same as VA-VAE [306]. The

training images are first resized so that the shorter edge is 256 pixels while preserving the

aspect ratio, and then randomly cropped to 256×256. Since the DINOv2 encoder uses a

patch size of 14, we first resize the input image to 224×224 resolution before feeding it into

the encoder. This produces a 16×16 latent feature map, matching the downsampling ratio

of f = 16 for 256-resolution images. For training, we use a batch size of 64 and train on

8 NVIDIA H100 GPUs. The learning rate is set to 1e-4 for the first and third stages, and

1e-5 for the second stage. Following [306], the generator loss in LGAN is rescaled to match

the magnitude of Lℓ1 + wpLperceptual based on the ratio of their gradient norms at the last

layer of the decoder, where wp = 1.0. Similarly, we rescale Lsp according to the gradient

ratio at the last layer of the encoder. We set wg = 0.5 and wsp = 1, which are applied

after loss rescaling. We enable LGAN after 5K training steps in the first stage, and keep

it active throughout the second and third stages. We enable Exponential Moving Average

(EMA) [128] during training and apply them in the second and third stages during infer-

ence. Training runs for 6 epochs in the first stage (∼120K steps, ∼7 hours), 11 epochs in

the second stage (∼220K steps, ∼24 hours), and 5 epochs in the third stage (∼100K steps,

∼6 hours).

For LAION dataset, we use the pretrained DINOv2 checkpoint vit large patch14 reg4 dinov2

(∼304M parameters) [225] as encoder. The tokenizer is trained with a batch size of 256 and

a learning rate of 1e-4 for all stages, using 32 NVIDIA H100 GPUs. We set wsp to 3. All
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other settings follow those of the ImageNet experiments. Training images are resized such

that the shortest edge is 256 pixels while preserving the aspect ratio, without restricting

them to square shapes. Similar to before, the input images are resized to multiples of 14 so

that the encoder output aligns with the downsampling ratio of f = 16. We train for 300K

steps in the first stage (∼30 hours), 100K steps in the second stage (∼20 hours), and 50K

steps in the last stage (∼5 hours).

Generative Models. For ImageNet experiments, we use LightningDiT [306] as the gen-

erative model (∼673M parameters) and adopt the same hyperparameters as in its official

implementation. We set the batch size to 1024, the learning rate to 2e-4, and the trans-

former patch size to 1. Unless otherwise specified, all experiments are trained for 80K steps

(64 epochs), which takes approximately 12 hours on 8 NVIDIA H100 GPUs. We do not

enable QKNorm for models trained with fewer than 200K steps, following the official im-

plementation. When training models for more than 200K steps, we enable QKNorm from

the start of the training to stabilize optimization and prevent loss spikes. We use the Euler

sampler with 30 sampling steps unless otherwise specified. Following LightningDiT, we ap-

ply CFG to only the first three latent channels for a fair and consistent comparison, unless

otherwise specified.

For LAION experiments, we employ a diffusion transformer (2B parameters) following

the FLUX implementation [144, 321, 122, 123]. We use a learning rate of 1e-4 with weight

decay and a transformer patch size of 1. Training begins on 256-resolution images with

varying aspect ratios for 200K steps using a batch size of 2048, which requires roughly 140

hours on 32 H100 GPUs. We then continue on 512-resolution images with varying aspect

ratios for an additional 90K steps using a batch size of 512, requiring about 135 hours on

32 H100 GPUs. For inference, we apply EMA checkpoints and use a DDIM sampler [242]

with 50 steps, setting the classifier-free guidance (CFG) scale to 5.

Datasets. For our text-to-image training dataset LAION-2B, we apply a series of

pre-filters to remove low-quality or undesired samples: we exclude images that are NSFW,

watermarked, low-aesthetic, invalid, or from blocked domains, resulting in a subset of about

616M images.

Linear Probing. For linear probing, we follow the standard ImageNet protocol widely
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used to assess the semantic quality of latent representations. Specifically, we freeze both

the VAE encoder and the adapter, and train a single linear classifier on top of the adapter’s

output features to predict ImageNet-1K classes. We use linear probing because it directly

measures how much semantic information is linearly accessible in the latent space, making

it a widely adopted proxy for semantic quality. The classifier is trained for 3 epochs using

Adam optimizer with a learning rate of 0.001 and a batch size of 256 on the ImageNet-1K

training set, and evaluated on the ImageNet validation set.

Ablation Study. All methods, except for the Full Model, are trained without the third

stage (i.e., decoder refinement). For the Larger Decoder variant, we replace the CNN

decoder with a larger decoder composed of a ViT architecture followed by a CNN module

(totaling ∼351M parameters), adapted from [290]. For the variant LoRA Fine-Tuning, we

apply LoRA to both the attention and MLP layers, using a rank of 16, an alpha of 32, and

a dropout of 0.1. All variants (except for LoRA Fine-Tuning) are trained with the same

hyperparameters and training iterations for fair comparison: 6 epochs in the first stage and

11 epochs in the second stage. The Full Model is additionally trained with a third stage of

6 epochs. These settings follow the default configuration described in the main paper.

Comparison with Other Pretrained Encoders. All methods are evaluated without

training Stage 3. We use “vit large patch16 224.mae” and “google/siglip2-large-patch16-

256” as the pretrained encoders for the MAE and SigLIP 2 variants, respectively. For the

SigLIP 2 variant, we set wsp = 2, as this yields better results. Apart from this adjustment,

all methods are trained with identical hyperparameters and iterations, following the default

configuration outlined in the main paper.

Comparison with Other Tokenizers. Our method with 32 channels is trained following

the default configuration described in the main paper. For the 64-channel version, we train

for 6 epochs (∼120K steps) in the first stage, 17 epochs (∼340K steps) in the second stage,

and 11 epochs (∼220K steps) in the third stage. For the Vanilla VAE and VA-VAE with

a CNN encoder (∼28M parameters), we use the pretrained checkpoints from [306] for both

the 32- and 64-channel experiments. All pretrained checkpoints were trained with a batch

size of 256 for 50 epochs, except the 32-channel VA-VAE model, which was trained for 125

epochs. For VA-VAE with a ViT encoder, we adopt the same architecture as our method
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Table 7.6: Training Cost Comparison. All measurements are obtained at an input

resolution of 256×256 on 8 NVIDIA A100 GPUs (batch size 8 per GPU). Values marked

with ∗ denote GPU-hour estimates computed from the training epochs reported in the

official implementation of [306].

Tokenizer Enc. #Param Trainable Params Frozen Params Total GPU Memory Time Per Training Step Total A100 GPU Hours

Vanilla VAE
28.41 M

72.60 M 14.71 M 148.2 GB 0.360 s 800.0∗

VA-VAE 72.63 M 319.0 M 203.0 GB 0.534 s 2966∗

Our Stage 1

304.4 M

44.25 M 319.0 M 157.5 GB 0.402 s 107.2

Our Stage 2 348.6 M 319.0 M 238.2 GB 0.772 s 377.4

Our Stage 3 44.18 M 319.1 M 159.0 GB 0.412 s 91.55

but without initializing it from DINOv2 weights, and use the learning rate of 1e-4. The

32-channel version is trained for 22 epochs, whereas the 64-channel version is trained for 34

epochs, matching the number of epochs used in our model training.

Scale-Up Experiments on Text-to-Image Generation. To compute rFID, we use

200K images randomly sampled from the COYO-700M [181] dataset. The gFID and

KID [18] on COCO Prompt 6K are computed using 6K generated images and 6K cor-

responding real images from the sampled captions.

For completeness, we provide the reference for the metrics we used for evaluation:

FID [101], KID [18], HPSv2 [284], PickScore [136], ImageReward [293], Aesthetic Scores [225],

CLIP Scores [100], VQA Scores [159], LPIPS [325].

7.6 More Experiments

7.6.1 Other Pretrained Encoders

Tab. 7.9 reports additional reconstruction metrics comparing different pretrained encoders.

The one using DINOv2 achieves the best balance, delivering superior generation quality

while maintaining competitive reconstruction performance.
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Table 7.7: Inference Memory Consumption Comparison. We evaluate the peak

GPU memory consumption under different image resolutions and batch sizes.

Tokenizer Image Resolution
Encoder

#Params

Encoder Peak GPU Memory (GB)
Decoder

#Params

Decoder Peak GPU Memory (GB)

batch size=1 batch size=4 batch size = 8 batch size=1 batch size=4 batch size = 8

VA-VAE 256 × 256 28.41 M 0.301 0.838 1.543
41.42 M 0.310 0.713 1.250

Ours 256 × 256 304.4 M 1.363 1.372 1.385

VA-VAE 512 × 512 28.41 M 0.841 2.959 5.794
41.42 M 0.713 2.324 4.472

Ours 512 × 512 304.4 M 1.284 1.450 1.674

VA-VAE 1024 × 1024 28.41 M 2.958 11.45 22.78
41.42 M 2.324 8.768 17.36

Ours 1024 × 1024 304.4 M 1.450 2.121 3.015

Table 7.8: Inference Compute Cost Comparison. We measure the GFLOPS and

Latency under different image resolutions, using a single NVIDIA A100 GPU with a batch

size of 1.

Tokenizer Image Resolution

Encoder Decoder

#Params GFLOPS Latency #Params GFLOPS Latency

VA-VAE 256 × 256 28.41 M 69.21 6.548 ms
41.42 M 126.5 13.91 ms

Ours 256 × 256 304.4 M 77.85 13.42 ms

VA-VAE 512 × 512 28.41 M 279.2 19.44 ms
41.42 M 509.3 42.31 ms

Ours 512 × 512 304.4 M 310.4 18.92 ms

VA-VAE 1024 × 1024 28.41 M 1155 73.92 ms
41.42 M 2089 173.9 ms

Ours 1024 × 1024 304.4 M 1241 121.2 ms

7.6.2 Reconstruction

Fig. 7.9 shows a qualitative comparison of reconstruction quality on the ImageNet 256×256

dataset. The variant Ours w/o Stage 2 + 3 (fourth column) fails to reconstruct the input

accurately, while the other methods show similar reconstruction quality.

Tab.7.10 reports additional reconstruction metrics for different tokenizers. While Ours

(the version presented in the main paper) outperforms all baselines in generative perfor-

mance, it remains quantitatively weaker in reconstruction quality. To address this, we

report a variant of our method trained with a larger learning rate (increased from 1e-5 to
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1e-4) and a smaller semantic preservation weight (reduced from 1.0 to 0.5) in stage 2. This

hyperparameter setting pushes the tokenizer to learn perceptual details more aggressively.

For this variant, we train the first stage for 6 epochs, second stage for 11 epochs, the final

stage for 10 epochs. The resulting variant achieves competitive reconstruction performance

(on par with VA-VAE using ViT encoder) while still surpassing VA-VAE in generation.

This demonstrates that our method can improve reconstruction with only a minor trade-off

in generative quality through simple hyperparameter adjustments. Other strategies for im-

provement include extending stage 2 or stage 3 with additional training iterations, or using

a larger batch size. A more aggressive approach is to replace the decoder with a stronger ar-

chitecture during stage 3 and train the new decoder. While this requires additional training

resources, it offers flexibility without compromising the learned semantic space.

7.6.3 Convergence Speed

Figs. 7.10, Fig. 7.11, and Fig. 7.12 present additional comparisons between our method

and VA-VAE on the ImageNet 256×256 dataset. Our method converges faster, indicating

that aligning and preserving semantics in the pretrained encoder is more effective than

semantic regularization.

Fig. 7.13, Fig. 7.14, Fig. 7.15, and Fig. 7.16 compare the convergence speed of our method

with FLUX VAE. Our method converges significantly faster, demonstrating the advantage

of the learned semantically rich latent space.

7.6.4 More Quantitative Results

Tab. 7.15 reports quantitative results on two additional prompt sets, showing that our

tokenizer consistently outperforms FLUX VAE in generation performance.

7.6.5 More Qualitative Results

Fig. 7.19 shows our sampled results of class-conditioned image generation on ImageNet

256×256 dataset, trained with 800 epochs.
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Table 7.9: Comparison with Other Pretrained Encoders. Evaluated on ImageNet

256×256 at 80K training steps with 30 sampling steps, using the CFG scale that yields the

lowest gFID. Decoder refinements (stage 3) are not applied. While the model with MAE

yields the strongest reconstruction performance, it performs the worst in generation quality.

The model with DINOv2 achieves the best overall generation quality, with a slight drop in

reconstruction quality compared to MAE.

Configuration rFID↓ PSNR↑ LPIPS↓ gFID↓ IS↑ Prec↑ Recall↑

MAE 0.29 26.12 0.113 3.12 216.5 0.834 0.543

SigLIP 2 0.35 25.29 0.129 2.22 246.1 0.816 0.576

DINOv2 0.36 25.62 0.121 2.19 248.6 0.811 0.591

Fig. 7.20 shows our sampled results of text-to-image generation at resolution 256×256,

trained with 200K steps.

Fig. 7.21 and Fig. 7.22 show our sampled results of text-to-image generation at res-

olution 512×512. Fig. 7.23 and Fig. 7.24 further show results at different aspect ratios,

including portrait mode and landscape mode. All these results are generated using the

model trained with 290K steps.

7.6.6 Failure Case

Fig. 7.8 shows the failure case of our method. Issues include inaccurate rendering of clock

numerals (e.g ., the 12), incorrect object counts, incorrect long text generation, and difficul-

ties in rendering fine details such as hands.

7.7 LLM Usage

In preparing this manuscript, we used large language models (LLMs) as general-purpose

writing assistants for grammar corrections, rephrasing, and clarity/concision edits. All

LLM-suggested edits were reviewed and verified by the authors, who take full responsibility

for the final manuscript.
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Table 7.10: Comparison of Other Tokenizers with Different Configurations. Eval-

uated on ImageNet 256×256 at 80K training steps with 30 sampling steps. The checkpoints

for both the Vanilla VAE and VA-VAE with CNN encoders are taken from the official VA-

VAE repository. VA-VAE† denotes the VA-VAE model we trained, using a ViT encoder

that matches our architecture but initialized from scratch. Ours refers to the version of our

method presented in the main paper. Ours∗ indicates a variant trained with a larger learn-

ing rate and smaller semantic preservation weight, which achieves reconstruction quality

comparable to VA-VAE but with slightly reduced generation performance.

Tokenizer Enc. Arch. rFID↓ PSNR↑ LPIPS↓ L. P. Acc.↑ gFID w/ CFG↓

f16d32 (downsampling factor 16, latent dimension 32)

Vanilla VAE CNN 0.26 27.14 0.097 6.04% 3.31

VA-VAE CNN 0.28 26.31 0.104 22.96% 3.13

VA-VAE† ViT 0.37 25.66 0.130 33.57% 3.16

Ours ViT 0.26 25.83 0.117 35.09% 2.17

f16d64 (downsampling factor 16, latent dimension 64)

Vanilla VAE CNN 0.17 29.38 0.061 5.09% 4.03

VA-VAE CNN 0.14 29.13 0.062 19.72% 3.20

VA-VAE† ViT 0.18 29.12 0.075 43.53% 3.19

Ours ViT 0.17 27.41 0.089 46.99% 2.34

Ours∗ ViT 0.14 28.91 0.070 45.22% 2.50
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Table 7.11: Quantitative Comparison on Text-to-Image (T2I) Generation with

FLUX VAE. We report metrics on two additional prompt sets for T2I models trained with

our VAE and FLUX VAE, each for 100K steps, evaluated at 256×256 resolution. The rFID

is computed using 200K randomly sampled images from the COYO-700M dataset [181].

Tokenizer rFID HPSv2 PickScore ImageReward Aesthetic Scores CLIP Scores VQA Scores

Parti Prompt [309] (with CFG)

FLUX VAE 0.102 0.239 0.391 0.235 5.292 31.49 0.705

Ours 0.443 0.246 0.609 0.594 5.389 32.56 0.782

HPSv2 Prompt [284] (with CFG)

FLUX VAE 0.102 0.224 0.373 0.090 5.478 31.59 0.737

Ours 0.443 0.231 0.626 0.366 5.604 33.12 0.792

Table 7.12: Quantitative Comparison on Text-to-Image (T2I) Generation with

FLUX VAE (Without CFG). We report metrics on diverse prompt sets for 2B-parameter

T2I models trained with our tokenizer and the FLUX VAE. Each T2I model is trained for

100K steps and evaluated at 256 × 256 resolution. Our tokenizer is trained on LAION

dataset. The rFID is computed using 200K randomly sampled images from the COYO-

700M dataset [181].

Tokenizer rFID gFID KID HPSv2 PickScore ImageReward Aesthetic Scores CLIP Scores VQA Scores

Coco Prompt 6K [158] (without CFG)

FLUX VAE 0.102 48.76 0.025 0.183 0.345 -1.127 4.205 27.05 0.534

Ours 0.443 33.46 0.014 0.210 0.655 -0.581 4.963 28.87 0.658

Parti Prompt [309] (without CFG)

FLUX VAE 0.102 - - 0.186 0.378 -1.176 4.003 26.85 0.538

Ours 0.443 - - 0.206 0.622 -0.654 4.751 28.59 0.618

HPSv2 Prompt [284] (without CFG)

FLUX VAE 0.102 - - 0.170 0.372 –1.206 4.142 26.59 0.567

Ours 0.443 - - 0.192 0.628 -0.764 4.955 28.20 0.645



184

Table 7.13: GenEval Quanlitative Comparison on Text-to-Image (T2I) Genera-

tion with FLUX VAE (with and without CFG). We report metrics on GenEval [80]

for 2B-parameter T2I models trained with our tokenizer and FLUX VAE. Each T2I model

is trained for 100K steps and evaluated at 256×256 resolution. Our tokenizer is trained

on LAION dataset. The rFID is computed using 200K randomly sampled images from the

COYO-700M dataset [181].

Tokenizer rFID Overall Single object Two object Counting Colors Position Color attribution

with CFG

FLUX VAE 0.102 0.476 0.978 0.477 0.346 0.813 0.107 0.135

Ours 0.443 0.556 0.984 0.702 0.446 0.824 0.120 0.257

without CFG

FLUX VAE 0.102 0.230 0.746 0.101 0.090 0.406 0.020 0.015

Ours 0.443 0.329 0.850 0.303 0.234 0.508 0.037 0.040
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Table 7.14: Quantitative Comparison on Text-to-Image (T2I) Generation with

VA-VAE (with and without CFG). We report metrics on diverse prompt sets for 1B-

parameter T2I models trained with our tokenizer and the VA-VAE. Each T2I model is

trained for 50K steps and evaluated at 256×256 resolution. Both our tokenizer and VA-

VAE are trained on ImageNet. The rFID is computed using 200K randomly sampled images

from the COYO-700M dataset [181].

Tokenizer rFID gFID KID HPSv2 PickScore ImageReward Aesthetic Scores CLIP Scores VQA Scores

Coco Prompt 6K [158] (with CFG)

VA-VAE 0.241 34.13 0.016 0.221 0.426 -0.129 5.088 31.50 0.740

Ours 0.191 31.19 0.015 0.230 0.574 0.088 5.215 31.68 0.781

Parti Prompt [309] (with CFG)

VA-VAE 0.241 - - 0.220 0.444 -0.146 4.893 31.40 0.677

Ours 0.191 - - 0.228 0.556 0.062 5.015 31.73 0.706

HPSv2 Prompt [284] (with CFG)

VA-VAE 0.241 - - 0.201 0.435 -0.287 5.042 31.63 0.708

Ours 0.191 - - 0.210 0.565 -0.131 5.120 32.05 0.737

Coco Prompt 6K [158] (without CFG)

VA-VAE 0.241 42.35 0.019 0.179 0.448 -1.292 4.352 26.89 0.497

Ours 0.191 39.86 0.017 0.187 0.552 -1.121 4.493 27.53 0.548

Parti Prompt [309] (without CFG)

VA-VAE 0.241 - - 0.179 0.457 -1.396 4.163 26.23 0.493

Ours 0.191 - - 0.186 0.543 -1.213 4.320 26.99 0.524

HPSv2 Prompt [284] (without CFG)

VA-VAE 0.241 - - 0.162 0.455 -1.378 4.256 26.05 0.521

Ours 0.191 - - 0.170 0.545 -1.251 4.451 26.48 0.551
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Table 7.15: GenEval Quanlitative Comparison on Text-to-Image (T2I) Gener-

ation with VA-VAE (with and without CFG). We report metrics on GenEval [80]

for 1B-parameter T2I models trained with our tokenizer and VA-VAE. Each T2I model is

trained for 50K steps and evaluated at 256×256 resolution. Both our tokenizer and VA-VAE

are trained on ImageNet. The rFID is computed using 200K randomly sampled images from

the COYO-700M dataset [181].

Tokenizer rFID Overall Single object Two object Counting Colors Position Color attribution

with CFG

VA-VAE 0.241 0.411 0.944 0.338 0.275 0.782 0.050 0.078

Ours 0.191 0.454 0.978 0.434 0.338 0.795 0.073 0.110

without CFG

VA-VAE 0.241 0.194 0.653 0.071 0.088 0.335 0.010 0.005

Ours 0.191 0.243 0.734 0.136 0.125 0.418 0.033 0.013

Table 7.16: Quantitative Analysis of Latent Space. We report metrics for latent

space of three tokenizers (Vanilla VAE, VA-VAE, and Ours), using the output space of the

pretrained DINOv2 encoder as a reference. CKNNA [112] measures the similarity between

each tokenizer’s latent space and the DINOv2 output. For the other metrics, we additionally

report the percentage indicating how close each tokenizer’s results are to those of DINOv2.

All metrics are computed using 10K samples from the ImageNet validation set.

Tokenizer CKNNA Spatial Variance Total Variation Density CV Gini Coefficient Normalized Entropy gFID

Vanilla VAE 0.023 11.41 (+432.9%) 957.6 (+96.3%) 0.310 (+24.0%) 0.173 (+24.4%) 0.994 (-0.2%) 3.31

VA-VAE 0.233 13.74 (+541.7%) 806.1 (+65.1%) 0.215 (-14.0%) 0.122 (-12.2%) 0.997 (+0.1%) 3.13

Ours 0.282 1.205 (-43.7%) 302.3 (-38.0%) 0.295 (+18.0%) 0.160 (+15.1%) 0.994 (-0.2%) 2.17

DINOv2 1.000 2.141 487.9 0.250 0.139 0.996 -
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(a) Input (b) Vanilla VAE (c) VA-VAE (d) Ours (e) DINOv2

Figure 7.7: PCA Visualization of Latent Space. Vanilla VAE can produce latents

that are either over-smooth or overly sharp, and VA-VAE tends to generate consistently

over-smooth representations. In contrast, our latent space most closely matches the charac-

teristics of DINOv2 outputs, demonstrating that our tokenizer preserves richer semantics.
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a clock on a brick building wall

of some sort
ten red apples

the words ’KEEP OFF THE

GRASS’ written on a brick wall

a grandmother reading a book

to her grandson and

granddaughter

Figure 7.8: Failure Case of Our Method on Text-to-Image Generation at 512×512

Resolution. The input text prompts are shown below the images. Results are obtained

from generative models trained for 290K steps. Common issues include inaccurate rendering

of clock numerals (e.g ., the 12), errors in object counting, inconsistencies in generating

longer text, and difficulties in producing fine details such as hands.
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Input Vanilla VA-VAE Stage 1 Ours

Figure 7.9: Qualitative Comparison of Reconstruction Quality on ImageNet

256×256 Validation Set. The variant Ours w/o Stage 2 + 3 (fourth column) fails

to accurately reconstruct the input, as the pretrained visual encoder does not capture suf-

ficient perceptual details in the latent space. All the other methods achieve comparable

reconstruction quality qualitatively.
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Figure 7.10: Qualitative Comparison of Convergence Speed on ImageNet

256×256. We compare with VA-VAE. Results are reported with the best CFG scale,

using EMA for sampling except at 20K and 40K steps.
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Figure 7.11: Qualitative Comparison of Convergence Speed on ImageNet

256×256. We compare with VA-VAE. Results are reported with the best CFG scale,

using EMA for sampling except at 20K and 40K steps.
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Figure 7.12: Qualitative Comparison of Convergence Speed on ImageNet

256×256. We compare with VA-VAE. Results are reported with the best CFG scale,

using EMA for sampling except at 20K and 40K steps.
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Figure 7.13: Qualitative Comparison of Convergence Speed on Text-to-Image

Generation. We compare with FLUX VAE. Results are reported with CFG scale set to 5,

using images generated at 256×256 resolution.
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Figure 7.14: Qualitative Comparison of Convergence Speed on Text-to-Image

Generation. We compare with FLUX VAE. Results are reported with CFG scale set to 5,

using images generated at 256×256 resolution.
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Figure 7.15: Qualitative Comparison of Convergence Speed on Text-to-Image

Generation. We compare with FLUX VAE. Results are reported with CFG scale set to 5,

using images generated at 256×256 resolution.
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Figure 7.16: Qualitative Comparison of Convergence Speed on Text-to-Image

Generation. We compare with FLUX VAE. Results are reported with CFG scale set to 5,

using images generated at 256×256 resolution.
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horse next to a stream

a giraffe standing on a

stretch of sand at a zoo

a painting of a fox in the

style of starry night
a photo of a bowl

F
L
U
X

V
A
E

O
u
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s

a photo of two

snowboards
a tiger

a wooden deck

overlooking a mountain

valley

a yellow sticky note

an abstract painting of

the Empire State

Building

F
L
U
X

V
A
E

Figure 7.17: Qualitative Comparison on Text-to-Image Generation with FLUX

VAE (without CFG). Input text prompts are shown below the images and results

(256×256 resolution) are generated from 2B-parameter diffusion models trained for 100K

steps, without using CFG.
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V
A
-V

A
E

O
u
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s

a watermelon chair
a bundle of blue and

yellow flowers in a vase

a close-up high-contrast

photo of Sydney Opera

House sitting next to

Eiffel tower, under a blue

night sky of roiling

energy, exploding yellow

stars, and radiating

swirls of blue

a jumbo jet plane in

flight with a city in the

background

a green box to drop mail

into covered with graffiti

V
A
-V

A
E

O
u
r
s

a photo of a person and a

bear
a photo of two backpacks

a train crossing a bridge

over a shallow river

a triangle with a smiling

face

a wine bottle with a red

ribbon wrapped around it

V
A
-V

A
E

Figure 7.18: Qualitative Comparison on Text-to-Image Generation with VA-VAE.

Input text prompts are shown below the images and results (256×256 resolution) are gener-

ated from 1B-parameter diffusion models trained for 50K steps, using CFG scale of 5. Note

that, both our tokenizer and VA-VAE are trained on ImageNet.
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great white shark, white

shark, man-eater,

man-eating shark,

Carcharodon carcharias

cock ostrich, Struthio camelus jay lorikeet

ruddy turnstone,

Arenaria interpres
Blenheim spaniel Rhodesian ridgeback macaque

ashcan, trash can,

garbage can, wastebin,

ash bin, ash-bin, ashbin,

dustbin, trash barrel,

trash bin

backpack, back pack,

knapsack, packsack,

rucksack, haversack

container ship,

containership, container

vessel

crash helmet electric locomotive hamper

mask microphone, mike pickelhaube pinwheel pirate, pirate ship

Figure 7.19: Qualitative Results of Our Method on ImageNet Class-Conditional

Generation. ImageNet class names are shown below the images and results are from

diffusion models trained with 800 epochs. We set the CFG to 5 and apply it to all latent

channels.



200

a capybara
a cartoon of a happy car

on the road
a chimpanzee

a corgi wearing a red

bowtie and a purple

party hat

A cozy living room with

a painting of a corgi on

the wall above a couch

and a round coffee table

in front of a couch and a

vase of flowers on a coffee

table

a crown with a ruby in

its center

a flag with a dinosaur on

it
a kachina doll

a painting of a fox in the

style of starry night

a photo of san francisco’s

golden gate bridge

a pickup truck

a plate with white rice

topped by cooked

vegetables

a portrait of a statue of a

pharaoh wearing

steampunk glasses, white

t-shirt and leather jacket.

dslr photograph

a sad man with green

hair

A smiling sloth wearing a

leather jacket, a cowboy

hat, a kilt and a bowtie.

The sloth is holding a

quarterstaff and a big

book

Figure 7.20: Qualitative Results of Our Method on Text-to-Image Generation at

256×256 Resolution. The input text prompts are shown below the images. Results are

obtained from generative models trained for 200K steps.
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a lemon character wearing

sunglasses on the beach

a little boy flying through space

eating pizza and cheese among

candy planets in a comic book

style drawing

a painting of a pokemon

resembling a phone booth

wearing clothes walking on two

legs in a cobblestone street in a

magical city

a plant with orange flowers

shaped like stars

a plushy tired owl sits on a pile

of antique books in a humorous

illustration

SpongeBob in Dragon Ball style
assortment of colorful flowers in

glass vase on table

an elephant is standing outside

in the dirt

a young boy wearing a suit and

smiling

a yellow wall with a large

framed oil painting of a car

a West Highland white terrier

holding a ”Hug me!” sign

a truck that has spray paint on

it

Figure 7.21: Qualitative Results of Our Method on Text-to-Image Generation at

512×512 Resolution. The input text prompts are shown below the images. Results are

obtained from generative models trained for 290K steps.
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A blue-haired girl with soft

features stares directly at the

camera in an extreme close-up

Instagram picture

A cute anthropomorphic bear

knight wearing a cape and

crown in pale blue armor

A dog wearing a business suit

smoking a cigar in a cinematic

style

A fox wearing a yellow dress

A man carrying a yellow

container filled with lemons

a store front that has the word

’openai’ written on it

Multiple baskets of recently

picked grapefruits on display

the word ’START’ written

above the word ’SMILING’

a toy car in front of a teddy

bear

a wooden toy horse with a mane

made of rope

A bike rider traveling down a

road, in the desert

a crowd of people watching

fireworks by a park

Figure 7.22: Qualitative Results of Our Method on Text-to-Image Generation at

512×512 Resolution. The input text prompts are shown below the images. Results are

obtained from generative models trained for 290K steps.
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a corgi
a view of the Kremlin with

snow falling

an abstract drawing of the

Great Wall

an oil painting of a tree and a

building

an ornate jewel-encrusted key
the word ’START’ written on a

street surface

a photo of san francisco’s

golden gate bridge
teacup

a fall landscape with a small

cottage next to a lake
a hot air balloon

a shiny VW van with a

cityscape painted on it and

parked on grass

a submarine floating past a

shark

Figure 7.23: Qualitative Results of Our Method on Text-to-Image Generation

at Various Aspect Ratios with the Shortest Edge Equal to 512. The input text

prompts are shown below the images. Results are obtained from generative models trained

for 290K steps. Rows 1 and 2 show 512 × 640 (3:4), row 3 and 4 show 512 × 768 (2:3), and

row 5 shows 512 × 910 (9:16).
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a boy and a tiger a child
a photo of san francisco’s

golden gate bridge

the words ’KEEP OFF THE

GRASS’ written on a brick wall

Figure 7.24: Qualitative Results of Our Method on Text-to-Image Generation

at Various Aspect Ratios with the Shortest Edge Equal to 512. The input text

prompts are shown below the images. Results are obtained from generative models trained

for 290K steps. Rows 1 and 2 show 640 × 512 (4:3), rows 3 and 4 show 768 × 512 (3:2),

and row 5 shows 910 × 512 (16:9).
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Chapter 8

CONCLUSION

Across the projects presented in this thesis, a common challenge emerges: many com-

pelling visual generation applications must be solved from observations that are fundamen-

tally incomplete. Whether reconstructing full human appearance from a handful of selfies,

editing portraits while preserving identity, or inferring a plausible painting process from

a single final artwork, the available inputs underspecify the desired output. These tasks

are inherently ill-posed, requiring models to hallucinate missing appearance, structure, or

process while remaining consistent with limited evidence.

The results of Chapters 3–6 demonstrate that such applications are not beyond the reach

of pretrained diffusion models, but they cannot be addressed by these models in their stan-

dard form. Direct application or naive fine-tuning consistently fails due to mismatches in

input structure, supervision, and task requirements. Instead, success depends on carefully

designed system-level interventions. By reformulating tasks, introducing weakly aligned

or synthetic supervision, and composing pretrained models into cascaded pipelines, the

proposed methods enable diffusion models to operate effectively in regimes far from their

original training distribution. These designs make it possible to reconstruct globally co-

herent appearance, preserve identity under selective edits, and recover plausible generative

processes, even when paired data is scarce or entirely absent.

A key empirical insight from these applications is that repurposing occurs most effec-

tively at the interface between the model and the task. Pretrained diffusion models are

not asked to directly solve ill-posed problems; rather, the surrounding pipeline reshapes the

problem into a form compatible with the model’s learned priors. This perspective reframes

many challenging visual generation problems as system-design problems, where appropriate

decomposition and supervision can unlock capabilities already latent in pretrained models.

At the same time, the the effectiveness of the methods depends critically on the quality
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and flexibility of the visual priors learned during pretraining. Stronger base models con-

sistently yield better identity preservation, robustness to distribution shift, and perceptual

quality, while weaker priors amplify artifacts and failure modes. This observation motivates

the final contribution of the thesis, AlignTok (Chapter 7), which addresses repurposing at

a more fundamental level by improving the priors themselves. By repurposing pretrained

visual foundation encoders as tokenizers for diffusion models, AlignTok enables diffusion

to operate in a semantically rich latent space, leading to improved training efficiency and

stronger representations for downstream adaptation.

Taken together, the contributions of this thesis suggest that partial-observation visual

generation problems can be addressed through repurposing at multiple levels. System-

and pipeline-level designs expand the range of applications that pretrained diffusion mod-

els can support under challenging data regimes, while prior-level repurposing improves the

representational foundations that make such adaptation reliable. These approaches are

complementary: stronger priors reduce the burden on system design, while well-structured

pipelines extend the practical reach of even imperfect models. Viewed in this light, the

thesis advances both practical methods and conceptual understanding for deploying pre-

trained diffusion models in complex, real-world visual generation settings where complete

observation is the exception rather than the norm.

8.1 Future Work

Building on the findings of this thesis, several promising directions emerge for future re-

search.

8.1.1 Future Directions for Selfie-Based Appearance Reconstruction

The selfie-based applications studied in this thesis, including Total Selfie and Fit Check

Video Generation, highlight both the promise and the limitations of reconstructing full

human appearance from sparse, user-captured inputs. A natural direction for future work

is to improve robustness under even more constrained capture conditions, such as a single

selfie, severe occlusions, or challenging clothing and lighting variations. Addressing these
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cases may require stronger geometric reasoning, improved pose and body-shape priors, or

tighter integration between diffusion models and parametric human representations.

8.1.2 Future Directions for Fit Check Video Generation

Fit check video generation opens several avenues for future research beyond the current for-

mulation. One direction is to expand the diversity and controllability of generated motions,

enabling users to specify motion styles, camera trajectories, or interaction with the environ-

ment. Achieving this reliably will likely require tighter coupling between motion priors and

appearance synthesis, as well as improved disentanglement between body motion, camera

motion, and clothing deformation.

Another promising direction is improved physical plausibility. While diffusion models

can synthesize visually convincing motion, enforcing constraints related to contact, gravity,

and clothing dynamics remains difficult. Incorporating lightweight physics priors or learned

physical constraints into the generation pipeline could improve realism, especially for longer

sequences or more complex motions.

8.1.3 Future Directions for Feature-Preserving Portrait Editing

For feature-preserving portrait editing, future work could focus on expanding the range

of editable attributes while maintaining strict identity preservation. As the number of

editable factors increases, controlling unintended entanglement between attributes becomes

increasingly challenging. Developing more explicit representations of editable versus non-

editable features, or introducing stronger disentanglement objectives during training, could

improve robustness.

Another direction is interactive and iterative editing. While the current approach sup-

ports single-step edits, real-world use cases often involve multiple rounds of refinement.

Enabling consistent multi-step editing without cumulative identity drift remains an open

problem, and may require memory mechanisms or explicit constraints that preserve previ-

ously fixed attributes across editing iterations.
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8.1.4 Future Directions for Inverse Painting and Process Reconstruction

Inverse Painting represents an early step toward reconstructing generative processes from

final visual outcomes. A natural extension is to broaden the class of processes that can be

reconstructed, including other artistic media such as watercolor, charcoal, or digital illus-

tration, each of which exhibits distinct structural and temporal characteristics. Extending

the framework to handle these media would require richer representations of tool usage,

layering, and material interaction.

More broadly, inverse painting raises fundamental questions about the identifiability of

generative processes from final outcomes. Future work could explore uncertainty-aware gen-

eration, producing multiple plausible process hypotheses rather than a single reconstruction,

and studying how users interpret and interact with these alternatives.

8.1.5 Leveraging Video Priors for Image-Based Tasks

One intriguing direction is to more deeply exploit video priors for image editing and re-

construction tasks, particularly when paired training data is scarce. For instance, in Total

Selfie, a set of input selfies can be reinterpreted as the initial frames of a video sequence. By

conditioning a video generation model on a virtual camera motion that gradually reveals the

subject, the system could synthesize a coherent full-body sequence with strong appearance

consistency, leveraging the temporal priors learned by large video diffusion models. Such

approaches blur the boundary between image and video generation, suggesting that video

priors may serve as a powerful regularizer even for fundamentally image-based tasks.

8.1.6 Accelerating Diffusion-Based Pipelines

Despite their strong visual fidelity, diffusion-based models remain computationally expensive

due to their iterative denoising process. This inference latency poses a major challenge for

interactive or on-device applications. Recent advances in diffusion model distillation offer a

promising path forward, enabling multi-step diffusion models to be distilled into few-step or

even single-step generators while preserving perceptual quality. Applying these techniques

to task-specific diffusion pipelines—such as inverse painting or fit check video generation—
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could dramatically reduce inference time. However, ensuring robustness and generalization

across diverse conditioning signals and pipeline designs remains an open problem.

8.1.7 Toward More General Repurposing of Pretrained Models

This thesis opens broader questions about how pretrained models can be repurposed beyond

individual applications. While AlignTok explores repurposing at the tokenizer level to

improve visual priors, future work could investigate how other pretrained models can be

systematically integrated into diffusion pipelines. Developing principled frameworks for such

reuse could further reduce the reliance on task-specific data and enable faster adaptation

to new visual generation problems.

8.1.8 Combining High-Dimensional Latent Diffusion with Aligned Tokenizers

A promising future direction is to combine recent advances in high-dimensional latent diffu-

sion models with the alignment-based tokenizer proposed in this thesis. While the current

approach compresses pretrained visual features into a low-dimensional latent space to ensure

stable diffusion training, this compression inevitably limits representational capacity. His-

torically, diffusion models were believed to operate reliably only on low-dimensional latents,

which motivated this design choice.

Recent work such as RAE [334] demonstrates that diffusion models can be trained di-

rectly on high-dimensional latent spaces, challenging this long-standing assumption. Oper-

ating in a higher-dimensional latent space provides increased representational capacity and

has the potential to improve both reconstruction fidelity and semantic expressiveness.

I see strong complementarity between RAE and AlignTok. RAE focuses on enabling

diffusion in high-dimensional latent spaces, whereas AlignTok emphasizes semantic align-

ment and representation quality through encoder adaptation. Integrating high-dimensional

latent diffusion with the alignment-based training strategy explored in this thesis could lead

to tokenizers that simultaneously offer high representational capacity and strong semantic

structure, further improving the adaptability and performance of diffusion models across

diverse visual generation tasks.
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8.1.9 Simplifying Data Capture

One important direction is to further reduce the complexity of the data capture process

required by current systems. For example, the Total Selfie pipeline relies on multiple selfie

inputs to reconstruct full-body appearance. A natural extension is to explore whether a

single input image could suffice, potentially by leveraging wide field-of-view cameras or

capturing selfies from tilted or oblique angles. Such designs could allow a single capture

to encode richer geometric cues, reducing user burden while maintaining reconstruction

quality. More broadly, this direction aligns with the goal of making repurposed diffusion

pipelines accessible to casual users in everyday scenarios.
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[235] Aliaksandr Siarohin, Stéphane Lathuilière, Sergey Tulyakov, Elisa Ricci, and Nicu

Sebe. First order motion model for image animation. Advances in neural information

processing systems, 32, 2019.

[236] Gianluigi Silvestri and Luca Ambrogioni. Covae: Consistency training of variational

autoencoders. arXiv preprint arXiv:2507.09103, 2025.
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