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Abstract

Unsupervised domain adaptation (UDA) aims to learn a target-domain classifier from la-
beled source data and unlabeled target data under distribution shift. Recent diffusion-based
UDA methods approach this problem by synthesizing labeled target-style images and train-
ing on the resulting synthetic data. However, their performance depends heavily on the
conditioning design: class prompts provide only coarse guidance, while domain adaptation
modules mainly control appearance, which may leave target-style synthesis insufficiently
specified. We propose VT-DUDA, a visual-token conditioning framework for diffusion-
guided UDA. Instead of relying only on text prompts, VT-DUDA uses source images to
provide additional instance-level visual context for target-style synthesis. Specifically, it con-
verts each source image into a compact set of visual tokens and injects them, together with
text embeddings, into the standard cross-attention pipeline of a latent diffusion model. This
provides instance-dependent conditioning beyond text alone, while synthesis is performed
with the target-domain adapter branch. Because guidance is represented explicitly as a
token sequence, the same interface also permits inference-time manipulation of the condi-
tioning signal through token selection and token-strength adjustment. The proposed method
preserves the standard diffusion objective and can be integrated into existing adapter-based
diffusion frameworks without modifying the backbone. Across Office-31, Office-Home, and
VisDA-2017, VT-DUDA improves average target-domain accuracy over strong discrimina-
tive and diffusion-based UDA baselines. The results suggest that, in generation-based UDA,
a stronger conditioning interface can improve the downstream usefulness of synthetic target-
style data.

1 Introduction

Unsupervised domain adaptation (UDA) aims to learn a target-domain classifier from labeled source data
and unlabeled target data under distribution shift. Classical UDA methods address this problem primarily
in feature space through discrepancy minimization Li et al. (2020); Long et al. (2015; 2018), adversarial
alignment Ganin et al. (2016); Saito et al. (2018), or prediction- and entropy-based regularization Xu et al.
(2019); Rangwani et al. (2022); Zhang et al. (2023b; 2019); Xia et al. (2022); Wu et al. (2025); Jin et al.
(2020). More recently, diffusion-based approaches Zhuang et al. (2024); Zhang et al. (2025); Rombach et al.
(2022); Ho et al. (2020); Nichol & Dhariwal (2021); Song et al. (2020b); Song & Ermon (2020); Dhariwal
& Nichol (2021) have explored a data-centric alternative: instead of aligning source and target features
directly, they adapt a generative model to synthesize labeled target-style images and then train a classifier
on the resulting synthetic set. In this view, the quality of the constructed synthetic supervision becomes an
important factor in downstream adaptation.

Latent diffusion models are a natural choice in this setting because they support flexible conditioning through
cross-attention Nichol et al. (2022); Podell et al. (2024); Rombach et al. (2022); Vaswani et al. (2017); Ho &
Salimans (2022); Zhang et al. (2023a); Ye et al. (2023). In principle, target-style synthesis can be guided by
class prompts, domain indicators, or lightweight adaptation modules. In practice, however, diffusion-guided
UDA often relies on conditioning that maps distinct source instances of the same class to the same class-level
text signal. That is, on the source side, multiple labeled source images from the same class are typically
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associated with the same class-level text condition (e.g., “a bed”), even though different source exemplars
may contain different visual details that could be useful for target-style synthesis. On the target side, when
target labels are unavailable, the text condition may be reduced to a generic prompt such as “an image.”
As a result, the denoiser may be trained under conditions that provide limited instance-level guidance for
synthetic data construction.

In this paper, we study the role of conditioning specificity in diffusion-guided UDA and propose VT-DUDA,
a Visual-Token conditioning framework for Diffusion-guided Unsupervised Domain Adaptation. The core
idea is to augment text conditioning with instance-level visual tokens extracted from individual images.
Specifically, given an image, VT-DUDA maps it to a compact sequence of visual tokens and concatenates
these tokens with text embeddings through the standard cross-attention interface of a latent diffusion model.
On the source side, the visual tokens are paired with class prompts, so that different labeled source instances
sharing the same class label are not represented by exactly the same conditioning context. In this way, the
class prompt specifies the category, while the visual tokens provide instance-specific information associated
with the current source sample. On the target side, where class labels are unavailable, the visual tokens are
paired with a generic prompt such as “An image,” providing additional instance-level context beyond text
alone for unlabeled target denoising.

A key design choice is to introduce target-side visual tokens not only to enrich the target-side conditioning
signal, but also to align the token-conditioned interface used during training and generation. Source-side
supervision makes the tokenized context depend on both class labels and source-instance visual features
during class-conditioned synthesis. Target-side denoising, in turn, exposes the target branch to the same
token-conditioned cross-attention format on target-domain data. As a result, after fine-tuning, visual tokens
extracted from a source image are concatenated with the class prompt and fed to the target branch at
generation time. This enriches class-conditioned prompting with instance-dependent visual context, reducing
the extent to which different source samples of the same class share identical conditioning inputs.

This perspective motivates evaluating diffusion-guided UDA by the downstream usefulness of the generated
dataset. The goal is not only to generate plausible target-style images, but to construct synthetic data that
is useful for downstream target-domain classification. We therefore focus on the utility of the generated
dataset for adaptation. In particular, when the conditioning interface is weak, increasing the generation
budget alone may not necessarily improve downstream performance. VT-DUDA is designed to increase
conditioning specificity within each class, with the goal of improving the downstream usefulness of synthetic
target-style data under limited generation budgets.

The tokenized design also has two practical properties. First, because visual guidance is represented ex-
plicitly as a sequence of tokens, it permits inference-time manipulation through token subset selection and
token-strength scaling. Second, the proposed conditioning interface remains compatible with inversion-based
translation procedures such as DDIM inversion Song et al. (2020a); Mokady et al. (2023); Meng et al. (2021),
allowing token-conditioned synthesis and translation-based augmentation to be used within the same frame-
work.

Our contributions are summarized as follows:

• We propose VT-DUDA, a visual-token conditioning framework for diffusion-guided unsupervised
domain adaptation that addresses insufficient instance-level guidance in existing diffusion-based
UDA methods. Our method augments the standard cross-attention interface of an adapter-based
latent diffusion model with instance-dependent visual tokens, enriching source-side class prompts and
target-side generic prompts without modifying the diffusion backbone, VAE, or denoising objective.

• Within this framework, we study two token-conditioned routes for constructing synthetic target-
style training data for UDA: pure-noise target-style synthesis and DDIM-inversion-based target-style
translation. Both routes use the same visual-token conditioning interface, providing a unified way
to generate labeled target-style samples from source-domain supervision under different generation
protocols.

• Experiments on Office-31, Office-Home, and VisDA-2017 show that VT-DUDA improves average
downstream target-domain accuracy over strong discriminative and diffusion-based baselines. We
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also observe that the tokenized conditioning interface supports inference-time token manipulation,
and that combining pure-noise synthesis with inversion-based translation can provide additional
gains in our setting.

2 Related Work

Unsupervised domain adaptation. Unsupervised domain adaptation (UDA) seeks to transfer knowl-
edge from a labeled source domain to an unlabeled target domain under distribution shift. A large body of
prior work addresses this problem in feature space through discrepancy minimization Li et al. (2020); Long
et al. (2015; 2018), adversarial alignment Ganin et al. (2016); Saito et al. (2018), or prediction- and entropy-
based regularization Xu et al. (2019); Rangwani et al. (2022); Zhang et al. (2023b; 2019); Xia et al. (2022);
Wu et al. (2025); Jin et al. (2020). These approaches typically aim to learn domain-invariant representations
for a fixed discriminative model. In contrast, generative approaches revisit UDA from a data-centric perspec-
tive, where adaptation is achieved by constructing target-style training data and then learning a classifier
from the resulting synthetic domain.

Diffusion-based adaptation under domain shift. Diffusion models have recently been explored as tools
for UDA and related cross-domain learning problems Zhuang et al. (2024); Zhang et al. (2025); Rombach
et al. (2022). Rather than aligning source and target features directly, these methods leverage the generative
capacity of latent diffusion models to synthesize target-style images or translate source images toward the
target domain, after which downstream supervised learning is performed on the generated data. This line
of work benefits from two properties of modern diffusion systems: pretrained generative priors for modeling
appearance changes across domains Ho et al. (2020); Nichol & Dhariwal (2021); Song et al. (2020b); Dhariwal
& Nichol (2021), and parameter-efficient adaptation through mechanisms such as adapters and LoRA Hu
et al. (2022); Houlsby et al. (2019); Karimi Mahabadi et al. (2021); Chen et al. (2022). Our work belongs
to this family of diffusion-guided UDA methods, but focuses on a different design axis: the conditioning
interface used to construct synthetic supervision.

Conditioning in diffusion models. An important property of latent diffusion models is their flexible
conditioning interface. Through cross-attention, the denoiser can incorporate signals such as text prompts,
learned embeddings, or auxiliary context tokens Nichol et al. (2022); Podell et al. (2024); Rombach et al.
(2022); Vaswani et al. (2017); Zhang et al. (2023a); Ye et al. (2023); Hertz et al. (2022). Existing conditioning
mechanisms are primarily developed for general-purpose generation, editing, or style control, where the
main goals are controllability, personalization, or fidelity Garibi et al. (2025); Gal et al. (2023); Ruiz et al.
(2023); Shah et al. (2024); Kumari et al. (2023); Zhang et al. (2023a); Ye et al. (2023); Hertz et al. (2022);
Mokady et al. (2023); Brooks et al. (2023); Wei et al. (2023). In diffusion-guided UDA, however, the
objective is different: the generated images should serve as useful labeled training data for downstream
adaptation. Conditioning quality is therefore task-dependent. A conditioning mechanism that is useful
for generic generation may not be the one that yields the most useful synthetic target-style samples for
downstream adaptation.

Motivated by this distinction, we study how visual tokens can enrich the conditioning signal in diffusion-
guided UDA. VT-DUDA introduces a compact visual-token representation and injects it, together with text
embeddings, into the standard cross-attention pipeline of a latent diffusion model. Notably, the same token-
augmented conditioning interface is used at both fine-tuning time and generation time. During fine-tuning,
visual tokens enrich the conditioning seen by both the source and target branches beyond text-only prompts.
During generation, visual tokens extracted from labeled source images are paired with class prompts to
provide additional instance-level guidance for target-style synthesis. This train-generation consistency is
a design choice of VT-DUDA, keeping the conditioning format aligned between training and generation.
The resulting design is easy to integrate into adapter-based diffusion adaptation frameworks and allows
inference-time manipulation through token selection and token-strength scaling.
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3 Methodology

3.1 Problem Setup

We consider the standard UDA setting with a labeled source domain and an unlabeled target domain. Let
Ds = {(xs

i , y
s
i )}

Ns
i=1 denote the source dataset, where xs

i ∈ RH×W×3 is an RGB image and ys
i ∈ {1, . . . , C} is

its class label over C shared categories. Let Dt = {xt
j}
Nt
j=1 denote the unlabeled target dataset, drawn from a

different image distribution but sharing the same label space. Equivalently, the two domains can be viewed
as samples from distributions Ps(X,Y ) and Pt(X,Y ) defined on a common label space, where target labels
are unavailable during training. Our goal is to learn a classifier that performs well on the target domain.

We adopt a generation-based view of UDA. Rather than aligning source and target features directly, we first
adapt a conditional diffusion model using labeled source images and unlabeled target images, then synthesize
a labeled target-style training set, and finally train a discriminative classifier on the resulting data. In this
pipeline, the diffusion model is used to generate target-style samples conditioned on labeled source inputs,
while the downstream UDA objective is applied at the classifier-training stage.

3.2 Preliminaries: Adapter-based Latent Diffusion

LoRA adaptation. Following LoRA Hu et al. (2022), given a frozen weight matrix W0 ∈ Rm×n, LoRA
parameterizes a low-rank update

∆W = WupWdown, (1)

where Wup ∈ Rm×r, Wdown ∈ Rr×n, and r ≪ min(m,n). For an input feature x ∈ Rn, the adapted forward
pass is

y = W0x+ λ∆Wx = W0x+ λWupWdownx, (2)

where λ > 0 is a scaling factor.

Latent diffusion objective. Let EVAE and DVAE denote the encoder and decoder of a pretrained
VAE Kingma & Welling (2013), both frozen throughout training. A training image x0 is mapped to a
latent code z0 = EVAE(x0) ∈ Rh×w×d. Given a diffusion timestep τ ∈ {1, . . . , T}, the forward noising
process is

zτ =
√
ᾱτ z0 +

√
1− ᾱτ ϵ, ϵ ∼ N (0, I), (3)

where ᾱτ =
∏τ
k=1(1− βk) under a variance schedule {βk}Tk=1.

Let ϵθ(·) denote the U-Net noise predictor with parameters θ. Given a text prompt p, a frozen text encoder
produces a token sequence e(p), which is passed to the U-Net through cross-attention. Standard adapter-
based fine-tuning minimizes the denoising objective Ho et al. (2020); Nichol & Dhariwal (2021); Song et al.
(2020b); Song & Ermon (2020)

Ldiff(∆θ) = Ez0,τ,ϵ,p

[
∥ϵ− ϵθ0+∆θ(zτ , τ, e(p))∥2

2

]
, (4)

where θ0 denotes frozen backbone parameters and ∆θ denotes trainable adapter parameters.

Domain-specific adapter branches. To model source- and target-domain appearance within a shared
diffusion backbone, we use two domain-specific adapter branches indexed by a binary variable σ ∈ {0, 1},
where σ = 0 denotes the source branch and σ = 1 denotes the target branch. For each adaptable weight
matrix, we maintain a pair of low-rank updates ∆W (0), ∆W (1), and the active adapted weight is

W (σ) = W0 + λ∆W (σ). (5)

We use ∆θ = {∆θ(0),∆θ(1)} to denote the collection of all domain-specific adapter parameters. The same
domain indicator σ is used consistently during diffusion training and sample generation.
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3.3 Visual Token Conditioning

We introduce a visual-token conditioning interface that augments text prompts and domain control with
additional instance-specific visual features.

At a high level, VT-DUDA consists of three stages. First, we jointly train a domain-adaptive diffusion
model and an image-to-token encoder using labeled source images and unlabeled target images. Second,
for each labeled source instance, we extract visual tokens from the source image and combine them with
the class prompt to synthesize labeled target-style samples under the target branch of the diffusion model.
Third, we train a downstream classifier on the resulting synthetic target-style dataset, optionally together
with an unsupervised target regularizer. The same tokenized conditioning interface can also be used for
inference-time token manipulation and for inversion-based translation.

3.3.1 Image-to-Token Encoder

We introduce an image-conditioned encoder Gψ that maps an input image v ∈ RH×W×3 to a sequence of M
visual tokens,

U = Gψ(v) = [u1; . . . ;uM ] ∈ RM×dc , um ∈ Rdc , (6)

where dc denotes the cross-attention context dimension of the diffusion model.

Gψ first extracts a global visual representation from the input image using a ResNet-based backbone. This
representation is then mapped to an M -dimensional latent code a(v) ∈ RM , and each scalar component
am(v) is transformed into a dc-dimensional visual token through a token-specific mapping gm:

um = gm
(
am(v)

)
, m = 1, . . . ,M. (7)

The resulting token sequence U is concatenated with text embeddings and used as additional conditioning
in cross-attention.

This parameterization converts image-level information into a fixed number of conditioning tokens. The
resulting token sequence U is concatenated with text embeddings and used as additional conditioning in
cross-attention. The encoder is trained jointly with the diffusion model using only the denoising objective,
without auxiliary token-level supervision.

U s
i = Gψ(xs

i), U t
j = Gψ(xt

j). (8)

3.3.2 Hybrid Cross-Attention Context

Let e(p) ∈ RMp×dc denote the token-wise embedding sequence of a text prompt p. For a labeled source
sample (xs

i , y
s
i ), we use a class prompt ps(ys

i ), e.g., “A [class]”. For a target sample xt
j , we use a generic target

prompt pt, e.g., “An image”.

We write
Rs
i = e

(
ps(ys

i )
)
∈ RM

s
p×dc , Rt

j = e(pt) ∈ RM
t
p×dc . (9)

The source and target conditioning contexts are then formed by concatenating text tokens and visual tokens
along the sequence dimension:

Ss
i =

[
Rs
i ; κsU

s
i

]
∈ R(Ms

p+M)×dc ,

St
j =

[
Rt
j ; κtU

t
j

]
∈ R(Mt

p+M)×dc ,
(10)

where κs, κt > 0 control the relative strength of visual-token guidance in the source and target branches,
respectively.

This design leaves the denoiser architecture and diffusion objective unchanged, and modifies only the con-
ditioning sequence passed to cross-attention. On the source side, the visual tokens make the conditioning
depend on the current labeled sample in addition to its class prompt. On the target side, the generic prompt
provides limited class information; adding target-image tokens allows the target branch to be trained under
the same token-augmented conditioning format used later during generation.
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3.3.3 Joint Diffusion Training

We jointly optimize the domain-specific adapter parameters ∆θ and the token encoder parameters ψ. For
each labeled source sample (xs

i , y
s
i ) ∼ Ds, we construct the source conditioning context Ss

i using the class
prompt ps(ys

i ). For each unlabeled target image xt
j ∼ Dt, we construct the target conditioning context St

j

using the generic prompt pt.

Let
zs
i,0 = EVAE(xs

i), zt
j,0 = EVAE(xt

j) (11)

denote the corresponding latent codes, and let zs
i,τ and zt

j,τ be their noised versions obtained through Equa-
tion 3. We denote by

ϵθ0+∆θ(z, τ, S, σ) (12)

the conditioned noise predictor, where S is the hybrid conditioning context and σ ∈ {0, 1} selects the active
domain-specific adapter branch.

The joint diffusion training objective is

Ltrain(∆θ, ψ) = λs E(xs
i
,ys

i
)∼Ds, τ, ϵ

[∥∥ϵ− ϵθ0+∆θ(zs
i,τ , τ, S

s
i , 0)

∥∥2
2

]
+ λt Ext

j
∼Dt, τ, ϵ

[∥∥ϵ− ϵθ0+∆θ(zt
j,τ , τ, S

t
j , 1)

∥∥2
2

]
,

(13)

where λs, λt > 0 balance the source and target denoising terms. In our default setting, source and target
mini-batches are sampled with equal frequency and we use λs = λt = 1. Unless otherwise stated, τ is
sampled uniformly from {1, . . . , T} and ϵ ∼ N (0, I).

The first term optimizes denoising on labeled source samples under class-conditioned, exemplar-dependent
inputs, while the second term optimizes the target branch on unlabeled target samples under the same token-
augmented interface. The token encoder is trained through the same denoising objective as the diffusion
adapters, without additional alignment, reconstruction, or token-level supervision. The overall training and
generation pipeline of VT-DUDA is illustrated in Fig. 1.

3.4 Generation-based UDA with Token-conditioned Synthesis

After training the token-conditioned diffusion model, we construct a synthetic labeled target-style dataset

D̃t = {(x̃t
k, ỹk)}Nsyn

k=1 . (14)

This synthetic dataset is constructed by assigning source labels to target-style samples generated from
source-conditioned inputs.

Target-style synthesis from Gaussian noise. Let zT ∼ N (0, I) denote the initial latent noise, and let
G(zT ;S, σ) denote a fixed diffusion sampler that maps an initial noisy latent, a conditioning context S, and a
domain indicator σ to a final latent prediction z̃0. To synthesize a labeled target-style sample, we first draw
a labeled source instance (xs

i , y
s
i ) ∼ Ds, extract its visual tokens U s

i = Gψ(xs
i), and construct the target-style

conditioning context with a generation-time token-strength coefficient ηgen > 0:

St(ys
i ; i) =

[
e
(
ps(ys

i )
)

; ηgenU
s
i

]
. (15)

Unless otherwise stated, we use ηgen = κt, and generate a target-style latent under the target branch using
this conditioning context:

z̃t
0 = G

(
zT ;St(ys

i ; i), σ = 1
)
, zT ∼ N (0, I), (16)

and decode it into image space as x̃t = DVAE(z̃t
0).

We assign the synthetic label ỹt = ys
i by inheriting the source label associated with the conditioning source

image. As in prior generation-based UDA pipelines, this design assumes that the generated sample retains
sufficient class information from the source-conditioned input to be used as a labeled training example.
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Figure 1: Overview of VT-DUDA. We first jointly train domain-specific diffusion adapters and an image-
to-token encoder on source and target images. We then extract visual tokens from labeled source images,
combine them with class prompts, and synthesize labeled target-style samples under the target branch of
the diffusion model. Finally, the resulting synthetic target-style dataset is used to train a downstream UDA
classifier. The same tokenized conditioning interface can also be used for inference-time manipulation and
translation-based augmentation.

Downstream UDA training. Let fϕ denote the downstream classifier, with class posterior pϕ(y | x).
Once the synthetic dataset D̃t has been constructed, we train fϕ using supervised learning on D̃t, optionally
combined with an unsupervised target regularizer on Dt:

Luda(ϕ) = Lsup
(
D̃t;ϕ

)
+ λu Lunsup

(
Dt;ϕ

)
, (17)

where
Lsup

(
D̃t;ϕ

)
= E(x̃,ỹ)∼D̃t

[
− log pϕ(ỹ | x̃)

]
. (18)

The unsupervised term Lunsup is instantiated by the chosen downstream UDA method, e.g., MCC or ELS
in our experiments. VT-DUDA therefore changes the synthetic data construction stage while remaining
compatible with different classifier-side UDA objectives.

Translation-based augmentation. The same visual-token interface is compatible with inversion-based
translation procedures. Let zs

i,0 = EVAE(xs
i) be the source latent, and let I denote an inversion operator

that maps this latent to an approximate terminal latent

zinv
i,T = I(zs

i,0). (19)

A translated target-style sample can then be obtained by running the sampler under the target branch using
the same generation-time conditioning context St(ys

i ; i):

z̃inv→t
i,0 = G

(
zinv
i,T ;St(ys

i ; i), σ = 1
)
, x̃inv→t

i = DVAE
(
z̃inv→t
i,0

)
. (20)

Such translated samples can be incorporated as an additional source of synthetic training data. In VT-
DUDA, however, the conditioning mechanism itself remains unchanged: both Gaussian-noise synthesis and
translation-based augmentation are driven by the same token-conditioned interface.
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η0 = 0.5

“A [alarm clock]”

η0 = 1.0 η0 = 2.0 η0 = 5.0

Art (Source) Clipart (Target)
u1 u2 uM

Figure 2: Token-strength scaling for target-style synthesis (Art→Clipart). For each labeled source instance,
we extract visual tokens, combine them with the class prompt, and generate a target-style sample under
the target branch from Gaussian noise. The figure illustrates the effect of varying the token strength η ∈
{0.5, 1.0, 2.0, 5.0} on the generated samples.

“A [bed]”

Source 

Source conditioning

  DDIM

Inversion

Without                             With                                  With u1                               With u2   

                                     

 With u3                                    With u4                             With u5                                   With u6

With u7                                    With u8                                   With u9                                   With u10  

Real-World (Source) Clipart (Target)

u1 u2 uM

Figure 3: Token-subset manipulation under translation-based augmentation (Real-World→Clipart). Starting
from a labeled source image in the Real-World domain, we first obtain an inverted latent and then re-
synthesize it under the target branch using different token subsets. The figure shows how the tokenized
conditioning interface allows explicit modification of the visual-token context during target-style translation.

3.5 Inference-time Token Manipulation

Because visual guidance is represented as an explicit token sequence, the conditioning context can be modified
directly at inference time without retraining. Given a prompt p and a reference image v, we extract visual
tokens

U = Gψ(v) ∈ RM×dc . (21)

Let Ω ⊆ {1, . . . ,M} be a selected token index set and let η > 0 be a token-strength coefficient. We define
the manipulated conditioning context

Sgen =
[
e(p) ; η UΩ

]
, UΩ ∈ R|Ω|×dc . (22)

These operations require no retraining and preserve the original diffusion backbone and adapter parameters.
They do not assume that individual visual tokens are semantically disentangled or directly interpretable.
Rather, they provide a direct way to modify the composition and scale of the visual-token context passed
to cross-attention. Figure 2 visualizes token-strength scaling under pure-noise target-style synthesis, while
Fig. 3 illustrates token-subset manipulation in the translation-based setting.

8



Under review as submission to TMLR

4 Experiments

4.1 Experimental Setup

We evaluate VT-DUDA on three standard UDA benchmarks: Office-31 Saenko et al. (2010), Office-
Home Venkateswara et al. (2017), and VisDA-2017 Peng et al. (2017). Office-31 contains 31 categories
across three domains: Amazon (A), Webcam (W), and DSLR (D). Office-Home contains 65 categories across
four domains: Art (Ar), Clipart (Cl), Product (Pr), and Real-World (Rw). VisDA-2017 contains a large
synthetic-to-real shift with 12 categories. We follow the standard splits and report target-domain classifica-
tion accuracy (%).

We compare VT-DUDA with representative discriminative UDA baselines and diffusion-based data-
augmentation baselines. In particular, we instantiate VT-DUDA on top of MCC Jin et al. (2020) and
ELS Zhang et al. (2023b), and compare against both the original discriminative methods and diffusion-
based baselines including Terra Zhuang et al. (2024) and DCDM Zhang et al. (2025). For VT-DUDA, the
full configuration combines pure-noise target-style synthesis with inversion-based translation. Importantly,
in our method these are two data-construction routes under the same token-conditioned generation frame-
work: both use the proposed visual-token interface, and the translation route also conditions on visual tokens
extracted from the source image being inverted. We additionally report an inversion-free protocol in which
the synthetic labeled training set is constructed only from pure-noise target-style generation. This lighter
setting is used to examine how far the proposed conditioning mechanism remains effective without the extra
translation route.

Unless otherwise stated, VT-DUDA generates 50 images per class on Office-31 and Office-Home, and 1000
images per class on VisDA-2017. For Terra, we follow the same synthetic-data budget in our comparisons.
For DCDM, we report the results under its published generation setting, which uses a larger synthetic-data
budget: 200 generated images per class on Office-31 and Office-Home, and 2000 generated images per class
on VisDA-2017. The downstream classifier uses ResNet-50 on Office-31/Office-Home and ResNet-101 on
VisDA-2017. The image-to-token encoder Gψ is implemented with a ResNet-18 backbone He et al. (2016).
We set the token count to M = 10 in the default configuration. All results are averaged over three runs.

Our empirical objective is practical: we evaluate whether the proposed conditioning design improves the
downstream usefulness of synthetic target-style data for UDA. We therefore treat the target-domain clas-
sification accuracy obtained from the constructed synthetic set as the primary criterion throughout this
section. Additional implementation details, evaluation protocols, and supplementary results are provided in
the Appendix A.

4.2 Main Results

Tables 1 and 2 summarize the main UDA results under the full configuration described above. Across all
three benchmarks, VT-DUDA achieves the strongest average performance when instantiated on top of MCC
and ELS.

A first observation is that VT-DUDA consistently improves over the underlying discriminative UDA baselines.
Relative to MCC, VT-DUDA improves the average accuracy by +4.34% on Office-Home (76.58 vs. 72.24),
+2.62% on Office-31 (92.23 vs. 89.61), and +4.16% on VisDA-2017 (87.48 vs. 83.32). Relative to ELS, the
gains are +5.50% on Office-Home (77.34 vs. 71.84), +2.63% on Office-31 (92.84 vs. 90.21), and +5.02% on
VisDA-2017 (88.42 vs. 83.40). These margins indicate that the proposed token-conditioned synthetic-data
construction substantially strengthens both downstream UDA objectives.

A second observation is that VT-DUDA also improves over strong diffusion-based data-augmentation base-
lines. Under the full setting, the best non-VT diffusion results are 76.26 on Office-Home (ELS+Terra), 91.80
on Office-31 (ELS+DCDM), and 86.86 on VisDA-2017 (ELS+Terra). The corresponding best VT-DUDA
results are 77.34, 92.84, and 88.42, yielding gains of +1.08%, +1.04%, and +1.56%, respectively. This shows
that the proposed conditioning design remains effective in the strongest practical generation setting and
yields improvements over existing diffusion-based augmentation pipelines across all three benchmarks.
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Table 1: Transfer accuracies (%) on Office-Home under the UDA setting. Results are averaged over 12
transfer tasks (Avg). The best result in each column is highlighted in bold.

Method Ar→Cl Ar→Pr Ar→Rw Cl→Ar Cl→Pr Cl→Rw Pr→Ar Pr→Cl Pr→Rw Rw→Ar Rw→Cl Rw→Pr Avg
ERM Vapnik (2013) 44.06 67.12 74.26 53.26 61.96 64.54 51.91 38.90 72.94 64.51 43.84 75.39 59.39
DANN Ganin et al. (2016) 52.53 62.57 73.20 56.89 67.02 68.34 58.37 54.14 78.31 70.78 60.76 80.57 65.29
CDAN Long et al. (2018) 54.21 72.18 78.29 61.97 71.43 72.39 62.96 55.68 80.68 74.71 61.22 83.68 69.12
AFN Xu et al. (2019) 52.58 72.42 76.96 64.90 71.14 72.91 64.08 51.29 77.83 72.21 57.46 82.09 67.99
MDD Zhang et al. (2019) 56.37 75.53 79.17 62.95 73.21 73.55 62.56 54.86 79.49 73.84 61.45 84.06 69.75
SDAT Rangwani et al. (2022) 58.20 77.46 81.35 66.06 76.45 76.41 63.70 56.69 82.49 76.02 62.09 85.24 71.85
MSGD Xia et al. (2022) 58.70 76.90 78.90 70.10 76.20 76.60 69.00 57.20 82.30 74.90 62.70 84.50 72.40
MCC Jin et al. (2020) 56.83 79.81 82.66 67.80 77.02 77.82 66.98 55.43 81.79 73.95 61.41 85.44 72.24
ELS Zhang et al. (2023b) 57.79 77.65 81.62 66.59 76.74 76.43 62.69 56.69 82.12 75.63 62.85 85.35 71.84
Diffusion-based methods
MCC+Terra Zhuang et al. (2024) 63.49 81.51 83.46 72.52 82.89 81.25 73.20 61.66 83.16 74.36 63.45 84.41 75.45
ELS+Terra Zhuang et al. (2024) 64.62 82.33 83.60 71.19 84.25 80.31 73.00 63.57 83.81 76.20 66.56 85.70 76.26
MCC+DCDM Zhang et al. (2025) 58.23 80.33 82.91 70.14 79.15 81.36 68.49 57.75 83.44 74.18 63.81 85.67 73.71
ELS+DCDM Zhang et al. (2025) 60.35 78.81 82.74 69.59 80.53 79.55 65.16 58.26 83.11 75.81 64.18 85.55 73.64
MCC+VT-DUDA 65.49 83.39 85.36 74.38 81.88 83.01 75.06 63.44 82.10 76.25 65.30 83.30 76.58
ELS+VT-DUDA 63.26 83.74 85.03 72.63 85.67 78.89 71.55 64.91 85.29 77.58 65.17 87.16 77.34

Table 2: Transfer accuracies (%) on Office-31 under the UDA setting, with VisDA-2017 mean accuracy (%)
reported in the last column. The best result in each column is highlighted in bold.

Dataset Office-31 VisDA-2017
Method A→W D→W W→D A→D D→A W→A Avg mean
ERM Vapnik (2013) 77.07 96.60 99.20 81.08 64.11 64.01 80.35 51.47
DANN Ganin et al. (2016) 89.85 97.95 99.90 83.26 73.28 73.75 86.33 79.02
CDAN Long et al. (2018) 92.42 98.62 100.00 91.44 74.61 72.80 88.32 80.74
AFN Xu et al. (2019) 91.82 98.77 100.00 95.12 72.43 70.71 88.14 74.64
MDD Zhang et al. (2019) 93.55 98.66 100.00 93.92 75.29 73.95 89.23 81.10
SDAT Rangwani et al. (2022) 91.32 98.83 100.00 95.25 76.97 73.19 89.26 83.23
MSGD Xia et al. (2022) 95.50 99.20 100.00 95.60 77.30 77.00 90.80 84.60
MCC Jin et al. (2020) 94.09 98.32 99.67 94.25 75.89 75.46 89.61 83.32
ELS Zhang et al. (2023b) 93.84 98.78 100.00 95.78 77.72 75.13 90.21 83.40
Diffusion-based methods
MCC+Terra Zhuang et al. (2024) 94.55 99.03 100.00 96.46 78.64 79.37 91.34 85.39
ELS+Terra Zhuang et al. (2024) 94.09 99.21 100.00 96.25 78.67 79.45 91.28 86.86
MCC+DCDM Zhang et al. (2025) 95.51 98.58 99.93 95.31 78.26 78.43 91.01 86.56
ELS+DCDM Zhang et al. (2025) 96.90 98.91 100.00 97.46 79.79 77.74 91.80 86.29
MCC+VT-DUDA 96.40 98.98 100.00 98.34 78.53 81.13 92.23 87.48
ELS+VT-DUDA 98.36 97.77 100.00 99.46 78.11 83.34 92.84 88.42

These full-setting results should be interpreted as the performance of the complete VT-DUDA pipeline. In
our method, pure-noise synthesis and inversion-based translation are not two unrelated components; both
are driven by the same visual-token-conditioned interface. The main results therefore evaluate VT-DUDA
in its intended full form. To further examine the role of the conditioning design under a lighter generation
protocol, we report an inversion-free variant in Sec. 4.3.

4.3 Inversion-free VT-DUDA and Budget-aware Comparison

Table 3 reports the inversion-free variant of VT-DUDA, where the synthetic labeled training set is constructed
only from pure-noise target-style generation. This setting is useful for two reasons. First, it shows whether
the proposed token-conditioned interface remains effective without the extra translation route. Second, it
provides a direct way to examine data efficiency, since VT-DUDA uses only 50 generated images per class
on Office-31 and Office-Home, and 1000 on VisDA-2017.
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Table 3: Average accuracies (%) under the inversion-free protocol. VT-DUDA and Terra use only pure-
noise target-style generation, with 50 generated images per class on Office-31 and Office-Home and 1000 on
VisDA-2017. DCDM is included for reference under its published larger-budget setting (200 per class on
Office-31/Office-Home and 2000 on VisDA-2017).

Method Office-Home Avg Office-31 Avg VisDA mean

MCC Jin et al. (2020) 72.24 89.61 83.32
ELS Zhang et al. (2023b) 71.84 90.21 83.40

MCC+Terra Zhuang et al. (2024) 71.84 91.34 85.39
ELS+Terra Zhuang et al. (2024) 72.18 91.28 86.86
MCC+DCDM Zhang et al. (2025) 73.71 91.01 86.56
ELS+DCDM Zhang et al. (2025) 73.64 91.80 86.29
MCC+VT-DUDA 73.50 91.37 86.92
ELS+VT-DUDA 73.72 91.92 87.56

Even under this lighter protocol, VT-DUDA remains consistently stronger than the underlying discriminative
UDA baselines. Under MCC, the gains over the original discriminative baseline are +1.26% on Office-Home,
+1.76% on Office-31, and +3.60% on VisDA-2017. Under ELS, the corresponding gains are +1.88%, +1.71%,
and +4.16%.

Compared with Terra under the same pure-noise budget, VT-DUDA also performs better on Office-Home.
Under MCC, VT-DUDA improves over Terra by +1.66%, while under ELS the corresponding gain is +1.54%.
Because Terra and VT-DUDA use the same generation budget in this comparison, this result provides cleaner
evidence for the benefit of visual-token conditioning.

The budget-aware comparison is particularly revealing on Office-31 and VisDA-2017. On these two bench-
marks, inversion-free VT-DUDA already surpasses the full Terra configuration, even though the latter ad-
ditionally uses inversion-based translation. Specifically, on Office-31, MCC+VT-DUDA reaches 91.37%
versus 91.34% for MCC+Terra, and ELS+VT-DUDA reaches 91.92% versus 91.28% for ELS+Terra. On
VisDA-2017, MCC+VT-DUDA reaches 86.92% versus 85.39% for MCC+Terra, and ELS+VT-DUDA reaches
87.56% versus 86.86% for ELS+Terra. In other words, on these two benchmarks, using only 50 generated
images per class on Office-31 and 1000 on VisDA-2017 is already sufficient for VT-DUDA to outperform a
stronger Terra pipeline that additionally includes inversion-based translation.

A similarly strong pattern appears in the comparison with DCDM, despite DCDM using a much larger
synthetic-data budget. On Office-31, inversion-free VT-DUDA outperforms DCDM under both downstream
objectives (91.37% vs. 91.01% for MCC and 91.92% vs. 91.80% for ELS) while using 50, rather than 200,
generated images per class. On VisDA-2017, VT-DUDA again exceeds DCDM under both objectives (86.92%
vs. 86.56% for MCC and 87.56% vs. 86.29% for ELS) while using 1000, rather than 2000, generated images per
class. On Office-Home, VT-DUDA remains competitive with DCDM under this smaller budget: ELS+VT-
DUDA slightly exceeds ELS+DCDM (73.72% vs. 73.64%), while MCC+VT-DUDA is within 0.21 points of
MCC+DCDM (73.50% vs. 73.71%). To visualize how the generated target-style samples relate to the target
domain, we present t-SNE plots in Fig. 4. The synthesized samples occupy a feature region that is closer to
the unlabeled target domain than the original source-domain samples. Taken together, these results indicate
that the proposed token-conditioned interface improves not only final accuracy but also the downstream
utility per generated sample.

4.4 Inversion-based Translation within the Same Token-conditioned Framework

The comparison between Tables 1, 2, and 3 shows that inversion-based translation further improves the
strongest practical configuration. In VT-DUDA, inversion-based translation is an additional synthetic-data
construction route driven by the same visual-token-conditioned generation framework. From this perspective,
the inversion-free results and the full results answer two different questions. The inversion-free results show
that the proposed conditioning interface is already effective under a lighter pure-noise protocol, while the
full results show that it remains strong when combined with an additional inversion-based augmentation
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Figure 4: t-SNE visualization on Office-Home under the UDA setting. We compare source-domain features,
target-domain features, and features from the generated target-style domain. (a) Ar→Cl for class Webcam.
(b) Ar→Rw for class Toys.

Table 4: Ablation results on Office-Home (% accuracy).
Ablation setting Value MCC+VT-DUDA ELS+VT-DUDA

Ar→Cl: number of generated images per class
Generated images / class 10 40.18 47.74
Generated images / class 25 50.54 52.83
Generated images / class 50 57.77 59.24
Generated images / class 100 61.15 63.46

Cl→Rw: number of visual tokens M (50 generated images / class)
Visual tokens M 5 82.16 83.44
Visual tokens M 10 82.59 83.30
Visual tokens M 20 81.34 82.53
Visual tokens M 50 79.32 80.10

route. We therefore view inversion-based translation as complementary to token-conditioned synthesis: it
can further strengthen the complete pipeline.

4.5 Ablation Studies

We conduct ablations under the inversion-free protocol so that the observed trends can be attributed directly
to the token-conditioned generator without adding the extra translation route.

Table 4 shows two representative trends. First, increasing the number of generated images per class consis-
tently improves downstream performance. This is expected because the downstream classifier is trained on
synthetic target-style data, and a larger synthetic set provides more supervision. Second, varying the number
of visual tokens M shows that a compact token set already works well, whereas overly long token sequences
degrade performance. In our experiments, M = 5 or M = 10 is sufficient to obtain the strongest results,
while increasing the token count to 20 or 50 hurts accuracy. We present this as an empirical observation
about conditioning efficiency. Appendix A.4 further provides detailed transfer-wise results on Office-Home
and Office-31, together with per-class results on VisDA-2017, under the inversion-free protocol.

5 Conclusion

We introduced VT-DUDA, a visual-token conditioning framework for diffusion-guided unsupervised domain
adaptation. The method augments the cross-attention context of an adapter-based latent diffusion model
with instance-level visual tokens, enriching text-based conditioning without modifying the diffusion backbone
or objective. Experiments on Office-31, Office-Home, and VisDA-2017 show that this design improves the
downstream utility of synthetic target-style data over strong baselines, including under limited generation
budgets. These results suggest that conditioning design matters in generation-based UDA. Evaluating this
approach beyond image classification and the diffusion setting considered here remains future work.
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A Appendix

A.1 Implementation Details

We instantiate VT-DUDA on top of Stable Diffusion XL (SDXL) Podell et al. (2024). We use the SDXL
VAE, keep the VAE frozen throughout training, and use the same VAE encoder EVAE and decoder DVAE as
defined in Sec. 3.2.

Low-rank adaptation. We freeze the pretrained UNet and both SDXL text encoders, and optimize only
lightweight adapter parameters together with the image-to-token encoder. In the UNet, LoRA modules are
attached to all attention projection matrices, the LoRA rank is set to r = 32. To align the implementation
with the notation in Equation 5, the effective domain-specific update for an adaptable weight matrix is

∆W (σ) = Wup
(
I + σΩ

)⊤
Wdown, σ ∈ {0, 1}, (23)

where σ = 0 denotes the source branch and σ = 1 denotes the target branch. Hence, ∆W (0) = WupWdown
and ∆W (1) = Wup(I + Ω)⊤Wdown. This realizes the domain-dependent adapters in Equation 5 through a
shared low-rank basis (Wup,Wdown) and a target-activated modulation matrix Ω. In practice, the source
and target forward passes are executed sequentially within each iteration using the binary branch indicator
σ. No additional LoRA scaling coefficient is used, i.e., the effective scaling in Eq. equation 2 is λ = 1 in our
implementation.

Image-to-token encoder. The image-to-token encoder Gψ in Equation 6 uses a ResNet-18 backbone.
Specifically, the ResNet-18 backbone extracts a global visual representation from an input image v, which is
projected to an M -dimensional latent code a(v) ∈ RM with M = 10. Each scalar component am(v) is then
mapped to a visual token um ∈ Rdc through an independent token-specific MLP gm, following Eq. equation 7.
In our implementation, these token-specific heads use a 1→64→128→dc multilayer perceptron with ELU
activations. The cross-attention dimension dc is set automatically to the concatenated text-conditioning
dimension of the two frozen SDXL text encoders. The token encoder is trained jointly with the diffusion
adapters using only the denoising objective in equation 13.

Prompt construction. Let ps(y) and pt denote the source and target prompts introduced in Sec. 3.3.2.
In the implementation, the source prompt is instantiated from the source image folder name using a simple
class template, e.g., “A backpack”, while the target prompt is the generic template pt = “An image”. Thus,
source prompts are label-dependent, whereas target prompts are domain-generic.

Fusion of text and visual conditioning. We follow the hybrid context formulation in Equation 10.
Text conditioning is obtained from the two frozen SDXL text encoders. Given a prompt p, each text
encoder outputs a token sequence, and we use the penultimate hidden state from each encoder. These
two token sequences are concatenated along the channel dimension to form the token-wise text embedding
R = e(p) ∈ RMp×dc . For the experiments here, the original size and target size are both 1024 × 1024, and
the crop offset is fixed to (0, 0).

For a source image xs
i and a target image xt

j , we extract visual tokens U s
i = Gψ(xs

i) and U t
j = Gψ(xt

j), with
M = 10 tokens per image. We then construct the cross-attention contexts

Ss
i =

[
Rs
i ;κsU

s
i

]
,

St
j =

[
Rt
j ;κtU

t
j

]
,

exactly as in Equation 10. In our default setting, κs = κt = 1. No extra fusion block is added: text
tokens and visual tokens are concatenated directly along the sequence dimension and passed to the UNet
cross-attention layers.

Training objective and batch composition. We optimize the joint objective in Equation 13 with equal
weights λs = λt = 1. Each optimization step processes one minibatch of paired source and target samples.
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Each iteration contains 8 source images and 8 target images. The source and target losses are computed in
two sequential passes through the same frozen diffusion backbone with different branch indicators:

Ltrain = Ls + Lt.

where Ls uses σ = 0 and context Ss
i , and Lt uses σ = 1 and context St

j . For both passes, the image is
encoded to the latent space with the frozen VAE, a diffusion timestep τ is sampled uniformly, and Gaussian
noise ϵ ∼ N (0, I) is added using the pretrained DDPM scheduler, following Eq. equation 3. The UNet is then
trained to predict either ϵ or the corresponding velocity target depending on the scheduler configuration. In
the SDXL setup used here, we follow the scheduler configuration provided by the pretrained model and use
the standard mean-squared denoising loss. Importantly, within each iteration, the same sampled τ and the
same noise tensor ϵ are reused for the source and target passes, so the two losses are matched under identical
corruption conditions.

Optimization and training configuration. We train on a single NVIDIA A100 (80GB) using mixed
precision fp16. The VAE is always kept in float32 for numerical stability, and the image-to-token encoder
is also optimized in float32. The launch configuration uses 8-bit AdamW with β1 = 0.9, β2 = 0.999,
ϵ = 10−8, and weight decay 10−4 for the UNet adapter parameters. The optimizer uses separate parameter
groups: the low-rank factors (Wup,Wdown) are optimized with learning rate 5 × 10−5, while the domain-
modulation parameters Ω are optimized with learning rate 5× 10−3, corresponding to lr_theta=100. The
image-to-token encoder Gψ is optimized with learning rate 10−4 and weight decay 10−4. Only the UNet
adapters and Gψ are updated.

We train for 8000 optimization steps with per-device batch size 8, gradient accumulation 1, and maximum
gradient norm 1.0. The learning-rate scheduler is constant with zero warmup. Data loading uses 8 worker
processes. The random seed is fixed to 0.

Data preprocessing. All training images are first corrected with EXIF transpose, converted to RGB if
necessary, resized to 1024 × 1024 using bilinear interpolation, and then randomly cropped to 1024 × 1024.
After cropping, each image is converted to a tensor and normalized channel-wise to [−1, 1] using mean
(0.5, 0.5, 0.5) and standard deviation (0.5, 0.5, 0.5). No horizontal flipping or additional color augmentation
is applied in this training pipeline. The same normalized tensor is used both for VAE encoding and for
visual-token extraction by Gψ.
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A.2 Dataset and Evaluation Protocol Details

This appendix consolidates the benchmark setup, evaluation protocol, and the two synthetic-data construc-
tion routes used in VT-DUDA. We first describe the datasets and evaluation protocols in text form, and
then give the complete algorithms for (i) pure-noise target-style synthesis and (ii) DDIM-inversion-based
target-style translation.

A.2.1 Benchmarks and evaluation protocol

We evaluate VT-DUDA on three standard unsupervised domain adaptation benchmarks.

Office-31. Office-31 contains three domains, Amazon (A), Webcam (W), and DSLR (D), with 31 shared
object categories. Following the standard UDA protocol, we evaluate all six directed transfer tasks:

A→W, D→W, W→D, A→D, D→A, W→A.

For this benchmark, the downstream classifier uses a ResNet-50 backbone, and we report target-domain
classification accuracy for each transfer task together with the average over all six tasks.

Office-Home. Office-Home contains four domains, Art (Ar), Clipart (Cl), Product (Pr), and Real-World
(Rw), with 65 shared categories. We follow the standard protocol and evaluate all twelve directed transfer
tasks formed by ordered pairs of distinct domains. The downstream classifier again uses a ResNet-50 back-
bone, and we report target-domain classification accuracy for each task together with the average over all
twelve tasks.

VisDA-2017. VisDA-2017 contains a large synthetic-to-real domain shift with 12 categories. We follow
the standard training/validation protocol, using the synthetic split as source and the real validation split
as target. For this benchmark, the downstream classifier uses a ResNet-101 backbone, and we report the
standard target-domain mean accuracy on the real validation split.

Across all benchmarks, the source and target domains share the same label space. Source labels are available
only for the source domain, while target labels are not used during training. All reported numbers are
averaged over three runs.

A.2.2 Synthetic-data construction protocol

Let (xs
i , y

s
i ) ∈ Ds denote a labeled source sample, and let U s

i = Gψ(xs
i) be the corresponding visual-token

sequence extracted by the image-to-token encoder. During target-style generation, VT-DUDA uses the
target-side conditioning context

St
i =

[
e
(
ps(ys

i )
)

; ηgen U
s
i

]
, (24)

where e(·) is the text-embedding operator and ηgen > 0 is the generation-time token-strength coefficient.
Unless otherwise stated, we use ηgen = 1.

VT-DUDA constructs synthetic target-style training data using two routes: (i) inversion-free pure-noise
synthesis and (ii) DDIM-inversion-based target-style translation.

Inversion-free protocol. The inversion-free protocol uses only the pure-noise route. Unless otherwise
stated, this protocol generates 50 images per class on Office-31 and Office-Home, and 1000 images per class
on VisDA-2017. In this setting, the synthetic labeled target-style dataset is D̃t = D̃noise

t .

Full protocol. The full protocol augments the pure-noise route with the DDIM-inversion-based translation
route. Both routes use the same visual-token-conditioned interface and assign the source label ys

i to the
resulting target-style sample. Accordingly, the final synthetic labeled target-style dataset is

D̃t = D̃noise
t ∪ D̃inv→t

t . (25)
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Sampler and branch assignment. In the pure-noise route, synthesis is performed under the target
branch (σ = 1). Final image generation is instantiated with DPM-Solver multistep sampling using 25
inference steps. In the DDIM-based route, source images are first inverted under the source branch (σ = 0)
and then translated under the target branch (σ = 1) on the same reduced timestep schedule.

A.2.3 Downstream training and evaluation

After synthetic-data construction, we train a downstream target classifier on the resulting synthetic target-
style dataset, optionally together with an unsupervised target regularizer, as described in the main paper.
We instantiate this stage using MCC and ELS. The benchmark-specific backbones and evaluation metrics
are exactly those described above.

A.2.4 Pure-noise target-style synthesis with visual-token conditioning

The first synthetic-data route generates target-style samples directly from Gaussian noise under the target
branch of the token-conditioned diffusion model. For a labeled source instance (xs

i , y
s
i ), we first extract the

source visual tokens U s
i , build the target-style conditioning context St

i according to equation 24, and then
run the diffusion sampler under the target branch (σ = 1) from an initial Gaussian latent.

To keep the formulation sampler-agnostic, let Φτk→τk−1 denote the update rule of the chosen diffusion
sampler from timestep τk to τk−1. In our experiments, final image generation is instantiated with DPM-
Solver multistep sampling using 25 inference steps. Let 0 = τ0 < τ1 < · · · < τK = T denote the inference
schedule. Starting from zτK

∼ N (0, I), the target-branch denoising process iterates

ϵ̂k = ϵθ0+∆θ
(
zτk

, τk, S
t
i , σ = 1

)
, (26)

zτk−1 = Φτk→τk−1

(
zτk

, ϵ̂k, S
t
i , σ = 1

)
, k = K, . . . , 1. (27)

The final latent zτ0 is decoded by the VAE decoder to obtain the synthetic target-style image x̃t, and the
label is inherited from the conditioning source image: ỹt = ys

i .

A.2.5 DDIM inversion and target-style translation

The second synthetic-data route starts from a source image rather than Gaussian noise. Given a labeled
source sample (xs

i , y
s
i ), we first encode it into the latent space, zs

i,0 = EVAE(xs
i), and compute the source

visual tokens U s
i = Gψ(xs

i). We then form two conditioning contexts:

Ss
i =

[
e
(
ps(ys

i )
)

; κsU
s
i

]
, (28)

St
i =

[
e
(
ps(ys

i )
)

; ηgenU
s
i

]
. (29)

The first is used during DDIM inversion under the source branch (σ = 0), and the second is used during
target-style resynthesis under the target branch (σ = 1).

We use deterministic DDIM inversion on the reduced timestep schedule 0 = τ0 < τ1 < · · · < τK = T . At
inversion step k, given the current latent zinv

τk−1
, we predict

ϵ̂sk = ϵθ0+∆θ
(
zinv
τk−1

, τk−1, S
s
i , σ = 0

)
, (30)

estimate the clean latent

ẑs
0,k−1 =

zinv
τk−1
−

√
1− ᾱτk−1 ϵ̂

s
k√

ᾱτk−1

, (31)

and move to the next noisier state

zinv
τk

=
√
ᾱτk

ẑs
0,k−1 +

√
1− ᾱτk

ϵ̂sk. (32)

After K steps, we obtain the approximate terminal latent zinv
τK

.
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Algorithm 1 Pure-noise target-style synthesis with visual-token conditioning. The procedure is sampler-
agnostic and is instantiated with DPM-Solver multistep sampling and K = 25 inference steps in our experi-
ments.
Require: Labeled source dataset Ds, trained token-conditioned diffusion model ϵθ0+∆θ, VAE decoder DVAE,

source prompt constructor ps(·), image-to-token encoder Gψ, class-wise generation budgets {Bc}Cc=1,
generation-time token strength ηgen (default: ηgen = 1), inference schedule {τk}Kk=0, target-branch sam-
pler updates Φτk→τk−1

Ensure: Synthetic labeled target-style dataset D̃noise
t

1: Initialize D̃noise
t ← ∅

2: for each class c ∈ {1, . . . , C} do
3: for b = 1, . . . , Bc do
4: Sample (xs

i , y
s
i ) ∼ Ds such that ys

i = c
5: Extract source visual tokens U s

i ← Gψ(xs
i)

6: Form target-style conditioning context St
i ←

[
e
(
ps(ys

i )
)

; ηgenU
s
i

]
7: Sample initial latent zτK

∼ N (0, I)
8: for k = K,K − 1, . . . , 1 do
9: Predict target-branch noise ϵ̂k ← ϵθ0+∆θ

(
zτk

, τk, S
t
i , 1

)
10: Update latent zτk−1 ← Φτk→τk−1

(
zτk

, ϵ̂k, S
t
i , 1

)
11: end for
12: Decode x̃t ← DVAE(zτ0)
13: Add (x̃t, ys

i ) to D̃noise
t

14: end for
15: end for
16: return D̃noise

t

Target-style translation then runs deterministic DDIM sampling from this inverted latent under the target
branch. At translation step k, we predict

ϵ̂tk = ϵθ0+∆θ
(
zt
τk
, τk, S

t
i , σ = 1

)
, (33)

estimate the clean latent
ẑt

0,k =
zt
τk
−
√

1− ᾱτk
ϵ̂tk√

ᾱτk

, (34)

and update
zt
τk−1

=
√
ᾱτk−1 ẑ

t
0,k +

√
1− ᾱτk−1 ϵ̂

t
k, k = K, . . . , 1. (35)

The final latent zt
τ0

is decoded into the translated target-style image x̃inv→t
i , to which we assign the label ys

i .

A.2.6 Remarks on protocol consistency

Both synthetic-data routes are driven by the same token-conditioned interface. In the pure-noise route,
the source label and source visual tokens provide the class and instance information used to synthesize a
target-style sample from Gaussian noise. In the DDIM-based route, the same source visual tokens are used
first to invert the source image under the source branch and then to resynthesize it under the target branch.
This design keeps the source-conditioned signal consistent across the two synthetic-data construction routes
while allowing the final sample to be rendered in the target style.
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Algorithm 2 DDIM-inversion-based target-style translation with visual-token conditioning.
Require: Selected labeled source subset Sinv ⊆ Ds, trained token-conditioned diffusion model ϵθ0+∆θ, VAE

encoder EVAE, VAE decoder DVAE, source prompt constructor ps(·), image-to-token encoder Gψ, source-
side token strength κs, generation-time token strength ηgen (default: ηgen = 1), reduced DDIM schedule
{τk}Kk=0

Ensure: Synthetic labeled translated dataset D̃inv→t
t

1: Initialize D̃inv→t
t ← ∅

2: for each (xs
i , y

s
i ) ∈ Sinv do

3: Encode source image to latent zs
i,0 ← EVAE(xs

i)
4: Extract source visual tokens U s

i ← Gψ(xs
i)

5: Form source-side inversion context Ss
i ←

[
e
(
ps(ys

i )
)

; κsU
s
i

]
6: Form target-side resynthesis context St

i ←
[
e
(
ps(ys

i )
)

; ηgenU
s
i

]
7: Initialize zinv

τ0
← zs

i,0
8: for k = 1, . . . ,K do ▷ Deterministic DDIM inversion under source branch
9: ϵ̂sk ← ϵθ0+∆θ

(
zinv
τk−1

, τk−1, S
s
i , 0

)
10: ẑs

0,k−1 ←
zinv
τk−1
−

√
1− ᾱτk−1 ϵ̂

s
k√

ᾱτk−1

11: zinv
τk
←
√
ᾱτk

ẑs
0,k−1 +

√
1− ᾱτk

ϵ̂sk
12: end for
13: Initialize zt

τK
← zinv

τK

14: for k = K,K − 1, . . . , 1 do ▷ Deterministic DDIM resynthesis under target branch
15: ϵ̂tk ← ϵθ0+∆θ

(
zt
τk
, τk, S

t
i , 1

)
16: ẑt

0,k ←
zt
τk
−
√

1− ᾱτk
ϵ̂tk√

ᾱτk

17: zt
τk−1

←
√
ᾱτk−1 ẑ

t
0,k +

√
1− ᾱτk−1 ϵ̂

t
k

18: end for
19: Decode x̃inv→t

i ← DVAE(zt
τ0

)
20: Add (x̃inv→t

i , ys
i ) to D̃inv→t

t
21: end for
22: return D̃inv→t

t
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Table 5: Standard deviations (%) over three runs on Office-Home under the UDA setting.

Method Ar→Cl Ar→Pr Ar→Rw Cl→Ar Cl→Pr Cl→Rw Pr→Ar Pr→Cl Pr→Rw Rw→Ar Rw→Cl Rw→Pr
ERM Vapnik (2013) 0.25 0.26 0.42 0.17 0.20 0.15 0.07 0.17 0.05 0.34 0.33 0.01
DANN Ganin et al. (2016) 0.44 0.72 0.38 0.02 0.30 0.39 0.58 0.47 0.59 0.84 0.14 0.51
CDAN Long et al. (2018) 0.25 0.62 0.22 0.37 0.58 0.30 0.57 0.36 0.16 0.33 0.23 0.35
AFN Xu et al. (2019) 0.16 0.30 0.06 0.23 0.31 0.14 0.32 0.15 0.02 0.19 0.18 0.22
MDD Zhang et al. (2019) 0.51 0.32 0.06 0.24 0.73 0.41 0.36 0.53 0.24 0.03 0.09 0.11
SDAT Rangwani et al. (2022) 0.51 0.44 0.24 0.13 0.41 0.01 1.46 0.40 0.11 0.46 0.19 0.29
MCC Jin et al. (2020) 0.59 0.22 0.16 0.27 0.52 0.16 0.16 0.38 0.25 0.35 0.35 0.23
ELS Zhang et al. (2023b) 0.83 0.45 0.38 0.08 0.46 0.19 0.39 0.39 0.08 0.02 0.44 0.05
Diffusion-based methods
MCC+Terra Zhuang et al. (2024) 0.21 0.11 0.14 0.25 0.28 0.18 0.18 0.29 0.25 0.15 0.06 0.11
ELS+Terra Zhuang et al. (2024) 0.06 0.30 0.14 0.30 0.37 0.21 0.10 0.18 0.13 0.68 0.24 0.16
MCC+VT-DUDA 0.32 0.17 0.05 0.41 0.13 0.26 0.37 0.19 0.08 0.31 0.22 0.29
ELS+VT-DUDA 0.12 0.45 0.29 0.08 0.52 0.31 0.19 0.41 0.25 0.88 0.03 0.34

Table 6: Standard deviations (%) over three runs on Office-31 under the UDA setting.

Method A→W D→W W→D A→D D→A W→A
ERM Vapnik (2013) 0.11 0.00 0.00 1.22 0.15 0.11
DANN Ganin et al. (2016) 1.34 0.06 0.08 0.68 0.65 0.39
CDAN Long et al. (2018) 1.75 0.18 0.00 1.19 0.79 0.45
AFN Xu et al. (2019) 0.63 0.07 0.00 0.53 0.50 0.32
MDD Zhang et al. (2019) 1.00 0.15 0.00 0.10 0.68 0.18
SDAT Rangwani et al. (2022) 1.83 0.12 0.00 1.03 0.67 0.34
MSGD Xia et al. (2022) 0.50 0.30 0.00 0.30 0.40 0.50
MCC Jin et al. (2020) 0.38 0.08 0.09 1.47 0.50 0.20
ELS Zhang et al. (2023b) 0.51 0.06 0.00 0.20 0.54 0.16
Diffusion-based methods
MCC+Terra Zhuang et al. (2024) 0.06 0.06 0.00 0.09 0.18 0.12
ELS+Terra Zhuang et al. (2024) 0.17 0.06 0.00 0.48 0.28 0.11
MCC+VT-DUDA 0.12 0.10 0.00 0.04 0.18 0.15
ELS+VT-DUDA 0.15 0.12 0.00 0.10 0.20 0.18

A.3 Standard Deviations of Main Experimental Results

To complement the mean accuracies reported in the main paper, we provide the standard deviations over
three independent runs for the main UDA experiments on Office-Home, Office-31, and VisDA-2017. These
results quantify the run-to-run stability of the compared methods under the same experimental protocol as
in Sec. 4.

For transparency, we report standard deviations only for methods for which three-run records were available
in our experimental logs. In particular, DCDM Zhang et al. (2025) is not included in this subsection because
only the published mean accuracies were available to us.
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Table 7: Standard deviations (%) over three runs on VisDA-2017 under the UDA setting.

Method aero bicycle bus car horse knife motor person plant skate train truck
ERM Vapnik (2013) 9.90 2.64 3.26 2.20 1.35 3.60 1.41 1.03 1.80 3.97 0.79 0.67
DANN Ganin et al. (2016) 0.39 1.94 0.38 2.80 0.80 3.40 0.76 0.86 0.72 2.00 0.32 2.72
CDAN Long et al. (2018) 0.38 3.72 2.55 1.36 0.53 0.52 0.14 2.58 0.67 0.49 2.61 2.43
AFN Xu et al. (2019) 0.69 3.84 1.80 2.55 1.48 2.51 0.48 2.08 2.47 3.93 1.11 1.27
MDD Zhang et al. (2019) 2.40 9.46 1.18 0.66 0.85 4.01 0.65 1.81 1.21 4.30 1.58 0.33
SDAT Rangwani et al. (2022) 1.40 2.64 1.60 1.67 0.48 0.92 0.82 0.24 0.78 0.84 1.36 0.60
MCC Jin et al. (2020) 0.12 0.92 2.91 0.39 0.28 0.54 0.80 0.87 0.15 0.77 0.55 2.25
ELS Zhang et al. (2023b) 0.93 1.20 1.39 0.47 0.15 0.95 1.38 0.73 1.59 1.02 1.35 0.27
Diffusion-based methods
MCC+Terra Zhuang et al. (2024) 0.21 0.59 0.12 0.69 0.60 0.60 0.56 0.35 0.40 0.35 0.47 0.88
ELS+Terra Zhuang et al. (2024) 0.34 0.79 0.41 1.31 0.06 0.39 0.85 0.43 0.92 0.64 0.26 0.19
MCC+VT-DUDA 0.15 0.72 0.36 0.81 0.49 0.86 0.28 0.62 0.11 0.55 0.23 0.95
ELS+VT-DUDA 0.65 0.42 0.78 1.15 0.51 0.12 0.99 0.23 1.38 0.88 0.05 0.57
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A.4 Additional Ablation Studies

To expand the pure-noise results summarized in Table 3 of the main paper, we report detailed transfer-
wise results on Office-Home and Office-31, together with per-class results on VisDA-2017. Throughout this
subsection, the reported VT-DUDA results are obtained using only pure-noise target-style generation under
visual-token conditioning, without DDIM inversion. Concretely, VT-DUDA uses 50 generated images per
class on Office-Home and Office-31, and 1000 generated images per class on VisDA-2017.

The reference diffusion baselines follow their respective comparison settings. On Office-Home, Terra is
compared under the same pure-noise budget as VT-DUDA, namely 50 generated images per class, while
DCDM is reported under its published setting with 200 generated images per class. On Office-31, the
reported Terra result corresponds to its full configuration, which combines pure-noise generation with DDIM-
inversion-based augmentation, whereas DCDM again uses 200 generated images per class. On VisDA-2017,
the reported Terra result also corresponds to its full configuration with DDIM inversion, while DCDM uses
2000 generated images per class. We make these distinctions explicit because the purpose of this appendix is
to assess the downstream effectiveness and sample efficiency of VT-DUDA under a lighter synthesis budget.

Tables 8 and 9 provide the detailed task-wise results corresponding to the averages reported in the main
text. On Office-Home, the budget-matched comparison with Terra directly isolates the effect of conditioning
quality: VT-DUDA improves over Terra on 11 out of 12 transfer tasks under both MCC and ELS. Compared
with the larger-budget DCDM reference, ELS+VT-DUDA slightly improves over ELS+DCDM in average
accuracy (73.72% vs. 73.64%), while MCC+VT-DUDA remains within 0.21 points of MCC+DCDM (73.50%
vs. 73.71%), despite using only one quarter as many generated samples per class. This result supports
the claim that the synthetic samples produced by VT-DUDA are more useful per sample for downstream
adaptation.

On Office-31, the comparison is even stricter, since the Terra reference additionally benefits from DDIM-
inversion-based augmentation and DCDM uses a larger synthetic-data budget. Even under this stronger
comparison, VT-DUDA still achieves the best average accuracy under both downstream objectives: 91.37%
for MCC and 91.92% for ELS, exceeding both Terra (91.34%, 91.28%) and DCDM (91.01%, 91.80%). Al-
though the task-wise pattern is more mixed than on Office-Home, the average gain shows that the proposed
visual-token conditioning improves the usefulness of the synthesized target-style data rather than merely
increasing the number of generated samples.

Table 10 further reports the per-class results on VisDA-2017. Here VT-DUDA uses only pure-noise generation
with 1000 images per class, while Terra uses its full configuration with DDIM inversion and DCDM uses 2000
images per class. Despite this lighter synthesis setting, VT-DUDA achieves the highest mean accuracy under
both MCC and ELS. Relative to Terra, MCC+VT-DUDA improves 11 out of 12 categories, and ELS+VT-
DUDA also improves 11 out of 12 categories. Relative to DCDM, MCC+VT-DUDA improves 7 out of 12
categories, while ELS+VT-DUDA improves 10 out of 12 categories. These class-wise results are consistent
with the benchmark-level averages and indicate that the gains of VT-DUDA arise from systematically better
synthetic supervision rather than from isolated categories.
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Table 8: Detailed transfer accuracies (%) on Office-Home. VT-DUDA uses only pure-noise target-style
generation with 50 generated images per class and no DDIM inversion. Terra is reported under the same
pure-noise 50-per-class setting, while DCDM is included as a larger-budget reference with 200 generated
images per class. Results are averaged over 12 transfer tasks (Avg). The best performance in each column
is highlighted in bold.

Method Ar→Cl Ar→Pr Ar→Rw Cl→Ar Cl→Pr Cl→Rw Pr→Ar Pr→Cl Pr→Rw Rw→Ar Rw→Cl Rw→Pr Avg
ERM Vapnik (2013) 44.06 67.12 74.26 53.26 61.96 64.54 51.91 38.90 72.94 64.51 43.84 75.39 59.39
DANN Ganin et al. (2016) 52.53 62.57 73.20 56.89 67.02 68.34 58.37 54.14 78.31 70.78 60.76 80.57 65.29
CDAN Long et al. (2018) 54.21 72.18 78.29 61.97 71.43 72.39 62.96 55.68 80.68 74.71 61.22 83.68 69.12
AFN Xu et al. (2019) 52.58 72.42 76.96 64.90 71.14 72.91 64.08 51.29 77.83 72.21 57.46 82.09 67.99
MDD Zhang et al. (2019) 56.37 75.53 79.17 62.95 73.21 73.55 62.56 54.86 79.49 73.84 61.45 84.06 69.75
SDAT Rangwani et al. (2022) 58.20 77.46 81.35 66.06 76.45 76.41 63.70 56.69 82.49 76.02 62.09 85.24 71.85
MSGD Xia et al. (2022) 58.70 76.90 78.90 70.10 76.20 76.60 69.00 57.20 82.30 74.90 62.70 84.50 72.40
MCC Jin et al. (2020) 56.83 79.81 82.66 67.80 77.02 77.82 66.98 55.43 81.79 73.95 61.41 85.44 72.24
ELS Zhang et al. (2023b) 57.79 77.65 81.62 66.59 76.74 76.43 62.69 56.69 82.12 75.63 62.85 85.35 71.84
Diffusion-based methods
MCC+Terra Zhuang et al. (2024) 58.15 80.19 80.41 69.20 80.13 80.02 70.03 53.61 81.10 71.35 56.42 81.48 71.84
ELS+Terra Zhuang et al. (2024) 58.66 80.71 80.94 69.74 80.68 78.95 69.70 54.20 81.68 71.92 56.98 82.03 72.18
MCC+DCDM Zhang et al. (2025) 58.23 80.33 82.91 70.14 79.15 81.36 68.49 57.75 83.44 74.18 63.81 85.67 73.71
ELS+DCDM Zhang et al. (2025) 60.35 78.81 82.74 69.59 80.53 79.55 65.16 58.26 83.11 75.81 64.18 85.55 73.64
MCC+VT-DUDA 57.77 81.56 82.81 72.03 81.54 82.59 71.37 57.65 82.54 72.36 57.15 82.62 73.50
ELS+VT-DUDA 59.24 80.41 81.72 73.60 80.72 83.30 70.72 56.88 82.23 73.81 59.14 82.89 73.72

Table 9: Detailed transfer accuracies (%) on Office-31, with the corresponding VisDA-2017 mean accuracy
(%) reported in the last column. VT-DUDA uses only pure-noise target-style generation with 50 generated
images per class and no DDIM inversion. Terra is reported under its full configuration combining pure-
noise generation (50 per class) with DDIM-inversion-based augmentation, while DCDM is included under
its published 200-per-class setting. The best performance in each column is highlighted in bold.

Dataset Office-31 VisDA-2017
Method A→W D→W W→D A→D D→A W→A Avg mean
ERM Vapnik (2013) 77.07 96.60 99.20 81.08 64.11 64.01 80.35 51.47
DANN Ganin et al. (2016) 89.85 97.95 99.90 83.26 73.28 73.75 86.33 79.02
CDAN Long et al. (2018) 92.42 98.62 100.00 91.44 74.61 72.80 88.32 80.74
AFN Xu et al. (2019) 91.82 98.77 100.00 95.12 72.43 70.71 88.14 74.64
MDD Zhang et al. (2019) 93.55 98.66 100.00 93.92 75.29 73.95 89.23 81.10
SDAT Rangwani et al. (2022) 91.32 98.83 100.00 95.25 76.97 73.19 89.26 83.23
MSGD Xia et al. (2022) 95.50 99.20 100.00 95.60 77.30 77.00 90.80 84.60
MCC Jin et al. (2020) 94.09 98.32 99.67 94.25 75.89 75.46 89.61 83.32
ELS Zhang et al. (2023b) 93.84 98.78 100.00 95.78 77.72 75.13 90.21 83.40
Diffusion-based methods
MCC+Terra Zhuang et al. (2024) 94.55 99.03 100.00 96.46 78.64 79.37 91.34 85.39
ELS+Terra Zhuang et al. (2024) 94.09 99.21 100.00 96.25 78.67 79.45 91.28 86.86
MCC+DCDM Zhang et al. (2025) 95.51 98.58 99.93 95.31 78.26 78.43 91.01 86.56
ELS+DCDM Zhang et al. (2025) 96.90 98.91 100.00 97.46 79.79 77.74 91.80 86.29
MCC+VT-DUDA 96.22 98.10 99.95 99.88 77.01 77.05 91.37 86.92
ELS+VT-DUDA 97.58 97.52 99.52 98.02 77.88 81.01 91.92 87.56
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Table 10: Per-class transfer accuracies (%) on VisDA-2017. VT-DUDA uses only pure-noise target-style
generation with 1000 generated images per class and no DDIM inversion. Terra is reported under its full
configuration with DDIM-inversion-based augmentation, while DCDM is included under its published 2000-
per-class setting. The best performance in each column is highlighted in bold.
Method aero bicycle bus car horse knife motor person plant skate train truck mean
ERM Vapnik (2013) 81.71 22.46 54.08 76.21 74.83 10.69 83.81 18.71 80.88 28.66 79.66 5.98 51.47
DANN Ganin et al. (2016) 94.75 73.47 83.46 47.91 87.00 88.30 88.47 77.18 88.16 90.05 87.21 42.26 79.02
CDAN Long et al. (2018) 94.55 74.41 82.22 58.92 90.56 96.22 89.71 78.90 86.11 89.06 84.81 43.42 80.74
AFN Xu et al. (2019) 93.13 54.76 81.03 69.74 92.36 75.88 92.11 73.83 93.16 55.55 90.48 23.63 74.64
MDD Zhang et al. (2019) 92.68 65.26 82.29 66.78 91.68 92.09 93.18 79.67 92.12 84.95 83.85 48.66 81.10
SDAT Rangwani et al. (2022) 94.51 83.56 74.28 65.78 93.00 95.83 89.61 80.04 90.86 91.47 84.95 54.93 83.23
MSGD Xia et al. (2022) 97.50 83.40 84.40 69.40 95.90 94.10 90.90 75.50 95.50 94.60 88.10 44.90 84.60
MCC Jin et al. (2020) 95.26 86.14 77.12 69.98 92.83 94.84 86.52 77.78 90.26 90.98 85.68 52.52 83.32
ELS Zhang et al. (2023b) 94.76 83.38 75.44 66.45 93.16 95.14 89.09 80.13 90.77 91.06 84.09 57.36 83.40
Diffusion-based methods
MCC+Terra Zhuang et al. (2024) 96.20 87.27 78.77 70.59 94.18 95.49 85.08 85.48 92.24 93.20 86.26 59.88 85.39
ELS+Terra Zhuang et al. (2024) 95.98 87.12 81.60 70.84 95.14 96.29 88.47 87.78 94.75 94.06 86.47 63.83 86.86
MCC+DCDM Zhang et al. (2025) 96.43 87.28 83.16 74.37 94.59 96.13 88.60 81.90 92.98 94.45 87.26 61.56 86.56
ELS+DCDM Zhang et al. (2025) 96.20 84.79 83.15 73.28 94.76 96.58 90.99 82.21 92.98 93.37 87.49 59.70 86.29
MCC+VT-DUDA 97.11 88.49 82.36 72.34 95.88 96.42 89.23 88.07 94.91 94.16 87.14 56.93 86.92
ELS+VT-DUDA 97.79 87.91 83.19 73.14 96.06 96.81 91.25 88.01 95.15 94.71 88.94 57.76 87.56
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A.5 Additional Qualitative Results

In this subsection, we provide additional qualitative results to complement the quantitative findings reported
in the main paper and in Appendix A.4. Our purpose is to visualize the behavior of the proposed visual-token-
conditioned generation framework under the two synthetic-data construction routes used in VT-DUDA,
namely pure-noise target-style synthesis and DDIM-inversion-based target-style translation. We further
provide an additional visualization of inference-time token-strength control in the pure-noise setting.

We begin with qualitative results obtained using Algorithm 1. In this setting, a labeled source image
provides both the class prompt and the corresponding visual-token conditioning, and the target-style sample
is synthesized from Gaussian noise under the target branch (σ = 1). Figure 5 summarizes representative pure-
noise synthesis results on Office-Home. The figure contains all twelve transfer tasks, with one representative
class shown for each domain shift. Figure 6 provides the corresponding qualitative visualization on VisDA-
2017, where six representative examples are shown in a single composed figure.

We then present qualitative results obtained using Algorithm 2. In this setting, a labeled source image is
first inverted under the source branch (σ = 0), and is then translated to the target style under the target
branch (σ = 1) using the same class prompt together with the visual tokens extracted from the source
image. Figure 7 shows representative results on Office-Home for all twelve transfer tasks, again using one
representative class per transfer direction.

Finally, Figure 8 visualizes inference-time token-strength scaling for pure-noise synthesis in the Art→Clipart
setting. Here, we extract concept tokens from a class-matched source image and generate target-style
samples from Gaussian noise under the target condition (σ = 1), while varying the token strength
η0 ∈ {0.5, 1.0, 1.5, 2.0}. This figure illustrates that the proposed tokenized conditioning interface permits
direct control of the conditioning signal at inference time without modifying the diffusion backbone or re-
training the model.
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Figure 5: Additional qualitative results for pure-noise target-style synthesis on Office-Home using Algo-
rithm 1. The figure is composed of representative results for all twelve Office-Home transfer tasks. For
each domain shift, we show one representative class generated from Gaussian noise under the target branch
(σ = 1), conditioned on the class prompt and the visual tokens extracted from a class-matched source image.
These examples illustrate how the proposed visual-token conditioning provides instance-dependent guidance
for target-style synthesis across diverse domain pairs.
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Figure 6: Additional qualitative results for pure-noise target-style synthesis on VisDA-2017 using Algo-
rithm 1. The figure contains six representative generated examples. In each case, the target-style image is
synthesized from Gaussian noise under the target branch (σ = 1), using the class prompt together with the
visual-token conditioning extracted from a class-matched source image.
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Figure 7: Additional qualitative results for DDIM-inversion-based target-style translation on Office-Home
using Algorithm 2. The figure is composed of representative results for all twelve Office-Home transfer
tasks. For each domain shift, we show one representative class obtained by first inverting a labeled source
image under the source branch (σ = 0) and then re-synthesizing it under the target branch (σ = 1) with
the same class prompt and source-image visual tokens. The visualization shows that the proposed visual-
token-conditioned interface is compatible not only with pure-noise synthesis but also with inversion-based
target-style translation.
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Figure 8: Token-strength scaling for pure-noise synthesis (Art→Clipart). We extract concept tokens from a
class-matched source image and generate target-style samples from pure noise under the target condition σ=1,
while varying the token strength η0 ∈ {0.5, 1.0, 1.5, 2.0}. The resulting visualization shows how changing
the strength of the visual-token conditioning affects the synthesized target-style samples, highlighting the
controllability of the proposed tokenized conditioning interface at inference time.
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A.6 Comparison with the SDXL Prior

To further clarify the role of diffusion adaptation in generation-based UDA, we include an additional com-
parison against target-like sample generation that relies only on the prior knowledge of a pretrained SDXL
model. The goal of this comparison is to distinguish improvements obtained from stronger prompt design
and sample selection on top of an off-the-shelf text-to-image prior from improvements obtained by explic-
itly adapting the generative model and its conditioning interface for the source-target transfer. To this end,
we adopt the SDXL-prior baselines reported in Terra and compare them with our method under the same
Office-Home benchmark and the same ELS downstream UDA setting.

For clarity, we briefly summarize how each SDXL-prior baseline is constructed. These baselines synthesize
target-like samples directly from the SDXL prior with progressively stronger prompt engineering and post-
selection:

• SDXL (random): Samples are generated using only the class prompt “A [CLASS]”, where
[CLASS] denotes the category label.

• SDXL (styles): First, GPT-4 is asked to generate 50 diverse style prompts. These style prompts
are then inserted into the template “A [CLASS], an everyday object in office and home, in the style
of [STYLE]” to synthesize images.

• SDXL (target): Based on the previous setting, the style placeholder [STY LE] is replaced by the
target-domain name itself (e.g., “Clipart”) so that the SDXL prior is prompted more directly toward
the target domain.

• SDXL (target styles): Instead of using only the domain name, GPT-4 is asked to generate 50
prompts that explicitly describe the target-domain style, yielding richer target-style prompts for
synthesis.

• SDXL (selected): Finally, the samples generated by SDXL (target styles) are further filtered with
a confidence-based active-learning-style selection strategy to remove poor-quality or misclassified
synthetic samples.

This sequence of baselines is useful because it forms a progressively stronger test of what can be achieved by
the SDXL prior alone. In particular, it starts from plain class prompting, then adds generic style diversity,
then explicitly injects target-domain information, then refines that information into more detailed target-
style prompts, and finally adds sample selection to improve the quality of the synthetic set. Therefore, if
our method still outperforms these increasingly strong SDXL-prior baselines, the gain cannot be attributed
merely to prompt engineering or filtering on top of a powerful pretrained text-to-image model.

The results are shown in Table 11. As the SDXL-prior baselines become stronger, the average UDA accuracy
increases from 69.92% for SDXL (random) to 73.99% for SDXL (selected). This confirms that more target-
aware prompting and sample filtering do improve the usefulness of synthetic target-like data. However, our
method still achieves 77.34% average accuracy, which is +3.35 points higher than the strongest SDXL-prior
baseline.

The SDXL-prior baselines already test several increasingly sophisticated ways of exploiting a strong pre-
trained generative prior. Nevertheless, they remain consistently below our method. This suggests that, for
downstream UDA, it is not sufficient to generate visually target-like samples using better prompts alone.
Instead, the generative process must be adapted so that the conditioning signal better preserves class seman-
tics while aligning the generated image with the target domain. Our visual-token-conditioned framework
is designed precisely for this purpose: it enriches class prompting with instance-dependent visual informa-
tion and trains the target branch under the same token-conditioned interface used during generation. The
comparison with the SDXL prior therefore supports our central claim that the utility of synthetic data in
diffusion-guided UDA depends not only on the strength of the pretrained prior, but also on the design of
the adaptation and conditioning mechanism.
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Table 11: Comparison with SDXL-prior-based target-like sample generation on Office-Home under the UDA
setting with ELS. The five SDXL-prior baselines are taken from Terra Zhuang et al. (2024), while the last
row reports our method under the same benchmark and downstream UDA setting. The best result in each
column is highlighted in bold.
Method Ar→Cl Ar→Pr Ar→Rw Cl→Ar Cl→Pr Cl→Rw Pr→Ar Pr→Cl Pr→Rw Rw→Ar Rw→Cl Rw→Pr Avg
SDXL (random) 56.88 73.64 80.38 69.18 73.64 80.40 68.93 56.54 80.38 68.93 56.54 73.64 69.92
SDXL (styles) 55.23 77.09 80.26 68.11 77.09 80.26 68.11 55.23 80.45 68.11 55.23 77.04 70.18
SDXL (target) 59.70 75.51 82.26 66.67 75.51 82.26 66.67 59.70 82.26 66.67 59.70 75.51 71.04
SDXL (target styles) 60.76 79.52 81.68 70.95 79.52 81.68 70.95 60.76 81.68 70.95 60.76 79.52 73.23
SDXL (selected) 61.63 79.81 82.19 71.98 79.73 81.82 71.69 61.58 82.07 72.76 62.15 80.42 73.99
ELS+VT-DUDA 63.26 83.74 85.03 72.63 85.67 78.89 71.55 64.91 85.29 77.58 65.17 87.16 77.34
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Table 12: Controlled conditioning ablation on Office-Home under the inversion-free protocol with ELS as
the downstream UDA objective. All generated-data variants use the same backbone, sampler, generation
budget, and ELS-based downstream training protocol. “Target-side tokens” indicates whether visual tokens
are used when training the target branch of the diffusion model. The original ELS baseline is included as a
discriminative UDA reference and does not use diffusion-generated synthetic data.
Method Visual conditioning Target-side tokens Ar→Cl Cl→Rw

ELS Zhang et al. (2023b) — — 57.79 76.43
ELS+Text-only baseline none no 57.12 78.23
ELS+Single-global-token one projected global feature yes 58.68 80.98
ELS+Repeated-global-token same global feature repeated 10 times yes 57.26 79.31
ELS+VT-DUDA w/o target-side tokens 10 token-specific visual tokens no 56.82 78.69
ELS+VT-DUDA (Ours) 10 token-specific visual tokens yes 59.24 83.30

A.7 Additional Diagnostic Experiments

We conduct additional diagnostic experiments to address the questions about the role of visual-token con-
ditioning. These experiments are performed under the inversion-free Office-Home setting using ELS Zhang
et al. (2023b) as the downstream UDA objective. For the quantitative diagnostics, we use two representative
transfer tasks: Ar→Cl and Cl→Rw. Ar→Cl is a challenging transfer task that is also used in our generation-
budget ablation, while Cl→Rw is used in our token-count ablation and provides a complementary target
domain.

Unless otherwise stated, all generated-data variants use the same SDXL backbone, LoRA adaptation strat-
egy, image resolution, sampler, number of inference steps, generation budget, and ELS-based downstream
classifier-training protocol. These diagnostics are intended to examine: (i) whether the proposed visual-token
interface is more effective than simpler global image-conditioning baselines, (ii) whether target-side visual
tokens contribute to the token-conditioned training interface, (iii) how often generated samples are classified
as their inherited source labels by an independent evaluator, and (iv) how visual tokens are reflected in
cross-attention responses during generation. We emphasize that these analyses are diagnostic in nature and
are not intended to prove that individual visual tokens correspond to human-interpretable semantic parts.

A.7.1 Controlled Comparison with Simpler Image-conditioning Baselines

To test whether the improvement can be explained simply by adding an image feature to the conditioning
sequence, we compare ELS+VT-DUDA with two simpler image-conditioning baselines. In the single-global-
token baseline, the source image is encoded into one global visual feature, which is linearly projected to the
cross-attention dimension and concatenated with the class-prompt tokens as a single additional conditioning
token. In the repeated-global-token baseline, the same projected global feature is repeated across M =
10 visual-token positions and concatenated with the class-prompt tokens. That is, its visual context is
[g; g; . . . ; g], where the same global feature g is copied into all 10 token slots. This baseline controls for the
number of visual-token positions while removing token-specific variation. All generated-data variants use
the same generation budget and downstream ELS protocol.

Table 12 shows several trends. First, the text-only diffusion baseline is not uniformly better than the original
ELS baseline: it is slightly lower on Ar→Cl but higher on Cl→Rw. This indicates that diffusion-generated
data without visual-token conditioning is not sufficient to explain the gains of VT-DUDA. Second, adding
a single global image token improves over the text-only baseline on both diagnostic tasks, suggesting that
image-dependent conditioning is useful in this setting. Third, repeating the same global feature across 10
token positions does not match the performance of VT-DUDA, even though it uses the same number of
visual-token slots. This suggests that the improvement of VT-DUDA is not explained only by increasing
the length of the conditioning sequence. Finally, removing target-side visual tokens from VT-DUDA reduces
performance on both tasks relative to the full model. This supports the design motivation that target-side
visual tokens help train the target branch under a token-augmented conditioning interface. We interpret
these results as evidence that the proposed token-specific conditioning is useful for these representative
Office-Home transfers.
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Table 13: Post-hoc label-consistency analysis of generated Office-Home samples. For each transfer, an
independent ResNet-50 oracle is trained on real images from the corresponding target domain and used only
for evaluation. The downstream ELS+VT-DUDA accuracy is reported as a reference for the final UDA
outcome under the inversion-free protocol.

Generated set Target-domain evaluator LC (%) ELS+VT-DUDA Acc. (%)

Ar→Cl Clipart oracle 54.12 59.24
Cl→Rw Real-World oracle 82.57 83.30

A.7.2 Post-hoc Label-consistency Analysis

We next evaluate whether generated Office-Home samples preserve their intended class semantics under
inherited source labels. This analysis is independent of the generative training procedure: the evaluator
is not used for diffusion training, LoRA adaptation, image-to-token encoder learning, image generation, or
downstream ELS training. It is used only after generation to measure label consistency.

For each target domain, we train an independent target-domain oracle classifier using real Office-Home
images from that domain and their ground-truth class labels. Specifically, for Ar→Cl, we train a Clipart-
domain evaluator on real Clipart images. For Cl→Rw, we train a Real-World-domain evaluator on real
Real-World images. Each evaluator is a ResNet-50 classifier trained for the 65 Office-Home categories. The
generated samples are then evaluated using the oracle corresponding to their target domain: Ar→Cl samples
are evaluated by the Clipart oracle, and Cl→Rw samples are evaluated by the Real-World oracle. Target
labels are used only for this post-hoc diagnostic and are not used by VT-DUDA or any baseline during UDA
training.

Let D̃s→t denote the generated image set for source domain s and target domain t. Each generated image
x̃ inherits its class label ỹ from the source conditioning image. Given a target-domain evaluator ht, label
consistency is defined as

LC(s→ t) = 1
|D̃s→t|

∑
(x̃,ỹ)∈D̃s→t

1 [ht(x̃) = ỹ]× 100%. (36)

Here, ht is trained only on real images from the target domain t and is used only to evaluate generated
samples after generation.

Table 13 reports the resulting label-consistency scores for the generated VT-DUDA samples, together with
the corresponding downstream ELS+VT-DUDA target accuracies for context. These two quantities measure
different aspects of the pipeline. LC measures the fraction of generated samples whose inherited label is
predicted by an independently trained target-domain evaluator, while the downstream accuracy measures
the final target-domain performance of a classifier trained with the synthetic data and the ELS objective.

The two transfer tasks exhibit different consistency levels: Cl→Rw obtains a relatively high LC score of
82.57%, whereas Ar→Cl obtains a more moderate score of 54.12%. The same task-dependent pattern is
also reflected in the downstream accuracies, with Cl→Rw achieving 83.30% and Ar→Cl achieving 59.24%.
However, we do not interpret the downstream accuracy as an upper bound or direct substitute for LC, since
the downstream classifier is trained with an ELS-based UDA objective and is evaluated on real target-domain
data, whereas LC is a post-hoc oracle-based diagnostic on generated samples.

Overall, this analysis suggests that the generated data can preserve class information to different degrees
depending on the target domain and transfer direction. The evaluator predictions are never used as supervi-
sion or feedback for the generative model or downstream UDA training, and LC should be interpreted only
as a post-hoc semantic diagnostic rather than as a definitive measure of label correctness.

A.7.3 Same-class Source-instance Diversity

To illustrate instance-level conditioning qualitatively, we generate target-style samples from different source
images belonging to the same class while keeping the class prompt, target branch, sampler, and generation
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Figure 9: Same-class source-instance diversity on Office-Home Rw→Cl. Each row uses the same class
prompt and the same target branch, while changing only the source image used to extract visual tokens.
The generated target-style samples show visible within-class variation. This visualization is intended to
illustrate instance-dependent conditioning behavior, not to claim that individual visual tokens correspond
to human-interpretable semantic parts.

protocol fixed. In this visualization, the source image used to extract visual tokens is the only intended
changing factor across rows. This setup examines whether different source instances within the same class
can induce different generated samples under the same class-level prompt.
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Table 14: Sensitivity to the image-to-token encoder architecture on Office-Home under the inversion-free
protocol with ELS as the downstream UDA objective. All VT-DUDA variants use the same token count,
diffusion backbone, sampler, generation budget, and downstream training protocol; only the image-to-token
encoder backbone is changed.

Method Ar→Cl Cl→Rw

ELS Zhang et al. (2023b) 57.79 76.43
ELS+VT-DUDA (ResNet-18 encoder) 59.24 83.30
ELS+VT-DUDA (ViT-Tiny encoder) 58.71 83.68

Figure 9 shows that different source instances from the same class can lead to visibly different generated
samples under the same class prompt. This observation is consistent with the motivation of VT-DUDA:
visual tokens make the conditioning depend on the source instance rather than only on the class prompt.
We do not interpret this visualization as evidence that individual visual tokens are semantically disentangled
or directly interpretable.

A.7.4 Cross-attention Heatmap Visualization of Visual Tokens

To further inspect how visual tokens participate in generation, we visualize the cross-attention responses
associated with the 10 visual tokens. For each visual token ui, we collect the cross-attention probability
assigned to that token from the recorded cross-attention layers and denoising steps during target generation.
We average these responses over the recorded heads, layers, and steps, upsample the resulting spatial map
to image resolution, and overlay it on the generated image.

This visualization is intended as a token-response diagnostic. It should not be interpreted as proving that
each individual token corresponds to a stable human-nameable semantic part. Instead, it shows whether
different visual tokens are associated with different spatial attention patterns during generation.

Figure 10 shows that the recorded visual-token attention responses are spatially non-uniform and vary
across tokens. This suggests that the visual-token sequence is not ignored by the cross-attention mechanism
in this example. However, we interpret the heatmaps conservatively: they provide qualitative evidence of
token-dependent spatial response patterns, but they do not establish a one-to-one correspondence between
individual tokens and semantic object parts.

A.7.5 Sensitivity to the Image-to-token Encoder Architecture

We further examine whether VT-DUDA is sensitive to the architecture of the image-to-token encoder Gψ.
The main experiments use a ResNet-18 encoder for this component. To test whether replacing the convolu-
tional encoder with a transformer-based encoder changes the downstream behavior, we replace the ResNet-18
encoder with a ViT-Tiny encoder, i.e., the smallest ViT variant used in our implementation, while keeping
the rest of the pipeline unchanged. Specifically, the diffusion backbone, LoRA adaptation strategy, token
count, sampler, generation budget, inversion-free protocol, and ELS-based downstream UDA training are
kept the same. We evaluate the resulting variant on the same two Office-Home transfer tasks used in the
diagnostic experiments, Ar→Cl and Cl→Rw.

Table 14 shows that replacing the ResNet-18 image-to-token encoder with a ViT-Tiny encoder leads to
similar downstream UDA performance on the two diagnostic tasks. The ViT-Tiny variant is slightly lower
on Ar→Cl and slightly higher on Cl→Rw. Both VT-DUDA variants improve over the ELS baseline on these
tasks. These results suggest that, in this setting, the downstream performance is not strongly affected by
replacing the ResNet-18 encoder with the smallest ViT variant used in our implementation. We therefore
keep ResNet-18 as the default encoder in the main experiments because it provides competitive performance
with a lightweight design.
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Figure 10: Cross-attention heatmap visualization for the 10 visual tokens under DDIM inversion-based
target generation. The source image is an Office-Home Real World shelf image, and generation is conditioned
on the text prompt “a shelf” together with ten image-derived visual tokens {ui}10

i=1. Each panel corresponds
to one visual token ui and shows its aggregated cross-attention map overlaid on the generated image. Warmer
colors indicate spatial regions that assign higher attention probability to the corresponding visual token, while
cooler colors indicate lower attention. The maps are averaged over the recorded cross-attention layers and
denoising steps during target generation. This visualization is a token-response diagnostic and does not
assume that individual tokens are semantically disentangled or directly interpretable.

A.8 Computational Cost

We report the computational cost of VT-DUDA and Terra UDA in Table 15 and Table 16. All measurements
were collected on NVIDIA A100 80GB GPUs using our implementations. Table 15 summarizes diffusion-
adaptation training time under the same 5000-step budget, while Table 16 reports diagnostic measurements
of GPU memory usage and single-image generation latency.

Table 15 shows that VT-DUDA requires a longer diffusion-adaptation training time than Terra UDA under
the same 5000-step budget. Table 16 further shows that VT-DUDA uses more GPU memory during both
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Table 15: Diffusion-adaptation training cost. Both methods are trained for 5000 optimization steps on the
same GPU class. Wall-clock time is measured under our implementation and hardware setting.

Method GPU Training steps Training time

Terra UDA A100 80GB 5000 98.18 h
VT-DUDA A100 80GB 5000 112.25 h

Table 16: Runtime and GPU-memory profiling comparison. Peak allocated and peak reserved memory are
measured using CUDA memory counters. Single-image generation latency is reported in seconds per image.

Metric Terra UDA VT-DUDA

Peak GPU memory for training 33,105.29 MiB / 32.33 GiB 48,177.98 MiB / 47.05 GiB
Peak reserved GPU memory for training 40,616.00 MiB / 39.66 GiB 54,442.00 MiB / 53.17 GiB
Pure-noise generation time per image 1.75 s 3.08 s
Pure-noise peak GPU memory 9,178.33 MiB / 8.96 GiB 20,372.59 MiB / 19.90 GiB
DDIM source-to-target total time per image 3.42 s 4.54 s
DDIM peak GPU memory 9,175.36 MiB / 8.96 GiB 22,075.05 MiB / 21.56 GiB

training and generation, and has higher measured single-image generation latency in both pure-noise gener-
ation and DDIM source-to-target generation. These overheads are expected because VT-DUDA introduces
an image-to-token encoder and token-augmented conditioning while keeping the pretrained diffusion back-
bone and denoising objective unchanged. We include these measurements to make the practical cost of the
additional conditioning interface explicit.
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