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Abstract

Diffusion models have achieved impressive generative per-
formance across diverse domains such as image, video, and
scientific data generation. However, fine-tuning these mod-
els for new tasks remains challenging due to their large
scale, architectural diversity, and high sensitivity to hyperpa-
rameters—particularly learning rates. In this work, we pro-
pose Wasserstein-Aware Transfer (WAT), a principled and
effective fine-tuning strategy grounded in diffusion trajec-
tory analysis and optimal transport theory. Our key insight
is that the distributional discrepancies between diffusion tra-
jectories from different datasets decrease progressively over
time and converge near the noise end. Based on this obser-
vation, we introduce a class-wise matching mechanism that
minimizes the Wasserstein distance between class distribu-
tions of source and target datasets. This enables alignment
at the class level without modifying the standard fine-tuning
pipeline. To further enhance knowledge retention, we pro-
pose a novel sampling strategy that linearly combines class-
conditional outputs from both pretrained and fine-tuned mod-
els. This method is simple yet effective, requiring negligi-
ble computational overhead while preserving domain-specific
and generalizable knowledge. Extensive experiments across
seven diverse benchmarks demonstrate that WAT reliably en-
hances generation quality under distribution shifts, outper-
forming competitive baselines. These results underscore its
robustness and affirm the potential of optimal transport as a
principled basis for knowledge transfer in diffusion models.

Introduction

Diffusion models have rapidly emerged as a powerful
generative technology, demonstrating remarkable progress
across a wide spectrum of tasks in recent years, includ-
ing image generation (Ho, Jain, and Abbeel 2020; Rom-
bach et al. 2022; Dhariwal and Nichol 2021), text-to-image
synthesis (Saharia et al. 2022), and video generation (Ho
et al. 2022b,a). Beyond these mainstream domains, diffu-
sion models have also been effectively applied in specialized
fields such as molecular generation (Hoogeboom et al. 2022;
Xu et al. 2022) and molecular dynamics simulation (Corso
et al. 2022) in biochemistry. Despite their impressive per-
formance, diffusion models are typically large in scale, and
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their ability to produce high-quality results comes at the
cost of computationally intensive and time-consuming train-
ing (Song et al. 2023; Hang et al. 2023). Consequently, re-
search into fine-tuning techniques for diffusion models (Hu
et al. 2022; Xie et al. 2023) has emerged as an increasingly
important and active area.

For both large language models and diffusion models,
recent fine-tuning approaches (Zaken, Ravfogel, and Gold-
berg 2021; Huang et al. 2025) focus on reducing the num-
ber of trainable parameters. These parameter-efficient fine-
tuning (PEFT) methods significantly reduce GPU memory
consumption, making training more accessible and scalable.
However, these methods also bring new challenges—most
notably, an increased sensitivity to learning rates, as high-
lighted by Zhong et al.. In our empirical study, we observe
that fine-tuning the DiT model on a new dataset with a larger
learning rate often leads to loss explosion and NaN errors.
Based on this observation, we aim to improve generation
performance by maintaining a moderate learning rate and
employing the standard fine-tuning procedure, without addi-
tional hyperparameter tuning or architectural modifications.
To do this, we analyze knowledge transfer in diffusion mod-
els and find that it is largely determined by the structure of
the diffusion trajectory.

The feasibility of retaining pretrained knowledge dur-
ing diffusion model transfer has been demonstrated in prior
work. Specifically, Xie et al. achieved efficient fine-tuning
by freezing the network’s weight matrices, while Zhong
et al. leveraged the unconditional branch of a pretrained
model to improve generation quality. In addition, we con-
ducted an experiment where only the label embedding and
time embedding modules of the diffusion model were fine-
tuned. Interestingly, the resulting model still achieved sur-
prisingly strong generation performance. These observa-
tions collectively suggest that pretrained diffusion models
contain rich, transferable general knowledge. Based on these
observations, we leverage optimal transport (specifically the
Wasserstein distance) (Li et al. 2020; Gu et al. 2023; Ter-
pin et al. 2024) to quantify distributional differences and an-
alyze the intrinsic discrepancies between diffusion models
trained on different datasets. This approach facilitates effec-
tive transfer learning for diffusion-based models.

When training diffusion models on different data distribu-
tions, the primary differences lie in their diffusion trajecto-



ries — the sequences of intermediate states generated during
the diffusion process. To measure differences in trajectories
at various time steps, we use the Wasserstein distance, a met-
ric from optimal transport theory that quantifies the minimal
effort required to transform one distribution into another.
According to theoretical results, this distance between in-
termediate states is bounded by the discrepancy of the orig-
inal data distributions. In our experiments, we observe that
the Wasserstein distance between diffusion trajectories de-
creases over time, becoming negligible near the noise end.
This suggests that in this late stage, diffusion models trained
on different datasets converge to similar representations, en-
abling effective knowledge sharing across models.

The key insight is that reducing the distributional gap
between datasets allows us to better leverage the knowl-
edge encoded in pretrained latent-space generative mod-
els. However, directly minimizing the discrepancy between
data distributions in the latent space often requires retrain-
ing critical components—Ilike the encoder and decoder in
VAEs—which leads to significant computational costs. To
address this, we propose achieving distribution alignment
at the class level within a conditional latent-space genera-
tion framework, while maintaining the standard fine-tuning
pipeline and avoiding expensive model retraining.

Specifically, we precompute a class-wise matching be-
tween the source and target datasets by minimizing the
Wasserstein distance between class distributions—using
an optimal transport-based algorithm. As a result, each
class in the target dataset is paired with the most dis-
tributionally similar class from the source dataset. Af-
ter class-level matching and standard fine-tuning, we fur-
ther reduce distribution discrepancies by linearly combin-
ing the class-conditional branches from the pretrained and
fine-tuned models, thereby leveraging their complementary
strengths to enhance generation quality. Our method, termed
Wasserstein-Aware Transfer (WAT), has been experimen-
tally validated to achieve the desired results. Our contribu-
tions can be summarized as follows.

* We introduce a trajectory-based framework for diffusion
model transfer that leverages optimal transport theory
to quantify distributional discrepancies between models
trained on different datasets. This framework is theo-
retically grounded and empirically validated. It reveals
how pretrained diffusion models can improve genera-
tive performance under distribution shifts and enables a
Wasserstein-aware transfer strategy.

We propose a category-wise matching strategy using
optimal transport to explicitly reduce class-conditional
distributional gaps. Unlike classifier-free guidance, our
principled linear combination of pretrained and fine-
tuned conditional outputs facilitates effective class-
specific knowledge transfer without altering the fine-
tuning pipeline.

We demonstrate consistent performance gains over
strong baselines across multiple benchmarks, with ab-
lation studies supporting the robustness and theoretical
soundness of our approach.
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WAT: Theory and Method
Preliminaries

Diffusion Models. Denoising Diffusion Probabilistic Mod-
els (DDPMs) (Ho, Jain, and Abbeel 2020) are a class of
generative models that have recently achieved remarkable
success in image synthesis and related tasks. The forward
process progressively adds Gaussian noise to data over T’
discrete time steps, transforming a data sample x into pure
noise x7. Specifically, the forward process is defined as:

Q(Xt|Xt—1) = N(Xt; v1- tht—laﬁtI)a

where {f3;}1_, is a variance schedule. By applying the repa-
rameterization trick, we can express x; as:

Xt:\/ax()—"_ \/]—_dte7 GNN(OaI)v (l)

where oy = 1 — 3¢, and oy = H§:1 o; is the cumulative
product of oy over time. The generative process learns a neu-
ral network to approximate the reverse conditional distribu-
tions pg(x¢—1|x+), which are also modeled as Gaussians:

Po(xe—1]xt) = N (xe—1; po(x¢, 1), Xo(x¢,1)).

The model is trained by minimizing a variational bound on
the negative log-likelihood, which simplifies to a weighted
mean squared error loss when predicting the noise added at
each diffusion step. Recent advances, such as the Diffusion
Transformer (DiT) (Peebles and Xie 2023), replace the tra-
ditional U-Net backbone with a Transformer that operates
in the latent space induced by a pretrained VAE, enabling
more scalable and semantically meaningful generation. In
this work, we build on DiT and perform domain transfer and
class-level alignment directly within its latent space.
Classifier-free Guidance. Classifier-free guidance (CFG)
(Ho and Salimans 2022) is a widely used technique to
enhance conditional generation in diffusion models with-
out relying on an external classifier. During training, the
model is jointly optimized on both conditional and uncon-
ditional objectives by randomly dropping the conditioning
label with a fixed probability parop. Let €p(x¢,t,y) denote
the model’s prediction of the added noise given class label
y, and € (x4, t, D) the prediction without any condition. The
training loss is then defined as:
@
where y' = y with probability 1 — parp and y' = 0 with
probability parop. This formulation allows the model to learn
both conditional and unconditional denoising behaviors.

At inference time, the model predictions are interpolated
to guide sampling towards the desired class label. Specifi-
cally, the noise prediction used during sampling is given by:

6CFG(Xtvtay) = (1+’LU) 'ee(xtvtvy) —w '69(Xt7t7®)7 (3)

where w > 0 is the guidance scale controlling the trade-off
between diversity and fidelity. CFG has become a standard
component in class-conditional diffusion pipelines due to its
simplicity and effectiveness.

Wasserstein Distance. The Wasserstein distance (Villani
et al. 2008; Cuturi 2013), also known as the Earth Mover’s

‘CCFG - Et,xo,e,y’ HE - EG(XD t7 yl)
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(a) Distributional Decay Along Diffusion.

(b) Class-Wise Matching Reduces Cross-Domain Trajectory Discrepancies.

Figure 1: Wasserstein trajectory analysis and class-wise matching strategy. (a): Diffusion trajectories from different distributions
converge over time. (b): Class-wise matching further reduces trajectory-level discrepancies.

Distance (EMD), provides a geometrically meaningful way
to measure the discrepancy between probability distribu-
tions. Given two distributions x and v defined over a met-
ric space X' with cost function ¢(z,y) (typically ¢(x,y) =
|z — y||P), the p-Wasserstein distance is defined as:

inf

1/p
Wy, v) = (ﬁn(u’y)/xmf/‘(x,y) dv(%w)) G

where II(u, v) denotes the set of all joint distributions (cou-
plings) with marginals p and v. Intuitively, it quantifies the
minimum cost required to transform one distribution into an-
other by moving “mass” between points in the space.

Wasserstein Distance in Diffusion Model

For diffusion model transfer tasks—or more broadly, for
fine-tuning diffusion models on new datasets, Eq. (1) clearly
shows that the difference in diffusion trajectories between
the source and target datasets mainly stems from the discrep-
ancy in the data distribution of xg, since both models share
the same noise schedule 3;. Therefore, to better understand
the essence of fine-tuning a pretrained diffusion model on
a new dataset, we first investigate how the diffusion trajec-
tories differ when the data distributions vary but the noise
schedule /3; remains the same. To analyze the evolution of
stochastic trajectories, we rely on the following theorem ap-
plicable to general stochastic processes.

Theorem 1 (Bouvrie and Slotine 2019) Consider the Ito
stochastic differential equation:

dXt = f(Xt) dt+U(Xt,t> dBt, t (S [0,1—‘]7 XQ ~ o,
where E||Xo||? < 0o, B; € RY is a standard Brownian mo-
tion, and X; € RY. Assume the following conditions hold:
1. The drift function f is contracting in some uniformly pos-
itive definite metric M(t) with contraction rate 3 > 0,
where M(t) satisfies x M(t)x > a||x|?, for some
o> 0.

The diffusion satisfies tr (o0(x,t) " M(t)o(x,t)) < C,,
forallxandt € [0,T].

The diffusion matrix satisfies the coercivity condition:

(o(x,t)o(x,t)"y,y) > c|ly|®
for some constant ¢ > 0 and all x,y € R%, t € [0,T).

2.

3.
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4. There exist constants K1, Ko > 0 such that forall x,y €
R¢ and t € [0,T],

IFGN+ llo(x D)7 < K (14 [x]),

1F) = F W+ lo(x,t) = oy, t)llr < Kallx =yl
Then, for any two solutions X, and Y, to the SDE with
respective distributions py and vy, the following holds:

Wa (e, ve) < o= Y2 B Wy (1o, vo) + /Cs /B,
vt € [0,T].

For the diffusion process in DDPM, its equivalent SDE
formulation is given as follows (Song et al. 2020):

dXt = —%ﬂ(t)xtdt + \V4 B(t)dBt

This equivalent SDE satisfies all the conditions of the afore-
mentioned theorem, as detailed in the appendix. Therefore,
the diffusion trajectories of DDPM also exhibit the stochas-
tic contraction property in Wasserstein distance. From this
result, we observe that in the context of fine-tuning diffu-
sion models on a new dataset, the distributional discrepancy
between datasets provides an upper bound on the difference
between the two diffusion processes. Moreover, this upper
bound decreases as time ¢ increases.

To further illustrate the above phenomenon, we visualize
the difference between diffusion paths (as defined in Eq. (1))
for two different datasets in the latent space provided by
a VAE, as shown in Fig. 1(a). It can be observed that, the
divergence between diffusion trajectories decreases almost
monotonically over time ¢, which can be characterized by:

WQ(Ntv Vt) \l

Specifically, experimental observations show that near the
noisy end, the distribution difference between the two paths
becomes minimal. This indicates that within a certain tem-
poral range, the pretrained model exhibits a degree of knowl-
edge generalization. This finding will also be validated in
our analytical experiments. In fact, in the latent space of a
VAE, the data distribution approximately follows a Gaus-
sian distribution. Under this Gaussian assumption, we can
derive the following monotonicity property.

as t—1T.



Theorem 2 Let N (u, %) and N (i, %") be two Gaussian
distributions. Define their forward diffusion paths at time
t €0, 1] under a linear variance schedule o(t) as:

Vo N(Valbp, (1—alt
D N (Ve NI+ a(t)X),

where a(t) is a smctly decreasing function on [0, 1] with
a(0) = 1, a(l) = 0. Let W3(t) denote the squared
2-Wasserstein distance between the marginal distributions

(1) and acg ). Then the function W3 (t) is monotonically de-

creasmg int e [0,1].

NI+ a(t)X),

(1—aft

In summary, both the theoretical upper bound and the
monotonicity observed along the diffusion paths indicate
that the overall divergence in diffusion trajectories is primar-
ily driven by differences in data distributions. Motivated by
this, we propose to design fine-tuning strategies for diffusion
model transfer from the perspective of minimizing the dis-
tribution shift, thereby enabling better reuse of knowledge
learned by the pretrained model.

Wasserstein-Aware Transfer

In the context of diffusion model transfer, prior studies
have shown that preserving the knowledge of a pretrained
model can significantly improve generation quality after
fine-tuning (Xie et al. 2023; Zhong et al. 2024, 2025). More-
over, the preceding theoretical analysis further suggests that
pretrained models retain a certain degree of generalizable
and reusable knowledge. To ensure that our method is com-
patible with standard fine-tuning pipelines and applicable to
arbitrary conditional generation models—while also aiming
to reduce distributional discrepancies, we begin with a class-
wise matching strategy. An overview of the proposed ap-
proach is illustrated in Fig. 1(b).

Class matching. Based on the analysis above, our objective
is to reduce the distributional gap between the source and
target datasets. However, within the DiT framework, this
cannot be achieved directly at the data level unless we re-
train the entire VAE module. Such retraining would incur
significant computational cost and risk erasing the valuable
knowledge embedded in the pretrained model.

To address this, we shift our focus from minimizing over-
all distributional differences to aligning the categories be-
tween the two datasets. In typical fine-tuning scenarios, the
diffusion model is adapted from a large-scale dataset to a
smaller one, which involves a reduction in both the number
of samples and the number of categories. Notably, only a
subset of conditional branches in the pretrained model are
usually utilized during fine-tuning on the target dataset.

Motivated by this observation, we first perform class-level
matching between the source and target datasets before fine-
tuning. This allows each conditional branch of the pretrained
model to be matched with a target class that has a relatively
similar data distribution, thereby ensuring smaller distribu-
tional shifts from a class alignment perspective and facilitat-
ing more effective transfer.

Let Cj; be the W distance between the i-th source class
and the j-th target class. To determine the optimal class-wise
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alignment, we minimize the following cost:

n

Z Cio(i)s

i=1

1

min  —
oc€Perm(n) N

&)

SIC

where Ci; = Wa (15, if') , and 15 and ¥ denote the
empirical distributions of the i-th source class and the J-th
target class, respectively. The optimal permutation problem
described above can be solved using the transport plan of the
discrete W distance, under the guarantee as follows.

Proposition 1 (Peyré, Cuturi et al. 2019) Consider the
transportation polytope:

U(a,b) = {P €RY™: P1, =aand P'1, = b},
where 1,, denotes the n-dimensional vector of ones. The op-
timal transport problem is given by:

Src

(6)

min
PeU(a,b)

mln
PEU(a b)

L(a,b) = (C, P)

Z Ol]PLJ

When m = n and a = b = 1, /n, the following holds:

* There exists an optimal solution P* to Problem Eq. (6)
that is a permutation matrix.

» This permutation matrix corresponds to an optimal per-
mutation o* € Perm(n) solving Eq. (5).

In practice, we first sample from the pretrained model to ob-
tain representative samples from the source dataset. To re-
duce computational cost, it is typically sufficient to sample
fewer than 10 examples per class. Moreover, since the num-
ber of classes in the target dataset is usually small, it is un-
necessary to sample from all classes in the source dataset.
Based on the collected samples, we obtain the cost matrix
using the class-wise W5 distances, and then solve a dis-
crete W optimal transport problem to get the best class-
wise matching. Since each class has been matched to a coun-
terpart with a relatively small distributional discrepancy, we
only need to remap the class labels according to the match-
ing matrix before standard fine-tuning, while keeping the
rest of the fine-tuning pipeline unchanged.

Class-level retention. After fine-tuning, we perform sam-
pling using a variant of CFG designed to retain knowledge
from the pretrained model. Since class-wise alignment has
already been completed in the previous stage, it is theoret-
ically justified to generate samples using a linear combina-
tion of the conditional outputs from both the pretrained and
fine-tuned models, as detailed below.

G(Xta t, y) = (1 +’LU) : 6adapt(xta t, y)

where €,4apc denotes the fine-tuned model and €, represents
the pre-trained model, and the scalar weight w in Eq. (7)
is referred to as the class-level retention (CLR) scale. For
the conditional generation framework described above, we
choose to discard the unconditional branch of the pretrained
model (as adopted in methods like DoG (Zhong et al. 2025))
in favor of our proposed approach. This decision is primarily
based on the following considerations:

1. Through an optimization-based process, accurate cross-
class matching has been achieved, effectively minimizing

—W-€pre(x¢,t,Y), (7)



Algorithm 1: Class Permutation Matching

Algorithm 2: Wasserstein-Aware Transfer

Require: Pretrained model ¢p, target dataset X t
Parameter: Number of classes &, samples per class m
Ensure: Class permutation o : [k] — [k]
:fori=1tokdo

Generate m synthetic samples X;° < €y (class = )

for j =1tokdo

Compute Cj; < Wa (X}, X))

end for
end for
Solve optimal transport problem:

P < argmin ) P;;C};

PERkXF 4,j
subjectto: Pl = %1, PT1=

1
2
3:
4
5

6:
7:

1
71

8: Compute permutation mapping:
o(i) < argmax P;;, Vi€ [k]
JE[K]
9: return o

the initial distribution discrepancy between the classes as-
sociated with each conditional branch.

2. Introducing the unconditional branch during condi-
tional generation injects implicit identifiers of unconditional
categories. This not only disrupts the alignment of distribu-
tions across matched conditional classes but also amplifies
the original distribution discrepancy, i.e.,

] [mete }
wa([4 ] [t )

src tgt
]
Yy Yy
Based on the above analysis, it is evident that CLR-based
generation alone can effectively mitigate inherent distribu-
tional discrepancies. When combined with class-wise align-
ment, these discrepancies are further reduced, allowing for
more efficient utilization of the pretrained model’s knowl-
edge. The detailed procedure of our method is illustrated
in Algs. 1 and 2. Regarding the computation of the cost
matrix, we use only a small number of samples per class
(fewer than 10 in our experiments), making the calculation
of Wasserstein-2 distances highly efficient. In practice, the
entire process typically completes within one to two min-
utes. Therefore, the overall computational complexity of our
method is on par with that of conventional fine-tuning.

Experiments

In this section, we evaluate our method across multiple
datasets, focusing primarily on comparisons with the stan-
dard CFG technique and the state-of-the-art fine-tuning-
based sampling method DoG (Zhong et al. 2025), as both
rely on the conventional fine-tuning pipeline. Furthermore,
we conduct comprehensive ablation studies to demonstrate
the robustness of our approach and validate the theoretical
foundations underpinning it. Additional experimental anal-
yses and detailed discussions are provided in the Appendix.

Implementation Details

In line with prevailing practices in diffusion model trans-
fer learning, we adopt the publicly available DiT-XL/2
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Require: Pretrained model €.; Target dataset X"

Parameter: Total fine-tuning steps NV; Class-level retention
scale w

Ensure: Adapted model €,q.p; Generated samples {;}

Stage 1: Class Alignment

Run Alg. 1 to obtain optimal class permutation o

Stage 2: Label Remapping

M
=1

1:

2: for each target sample (z,y) € X* do
3:  Remap label: § < o~ 1(y)
4: end for
Stage 3: Model Fine-tuning
5: for step = 1to N do
6:  Sample a batch {(x;, 7;)} 2., ~ &*
7:  Compute loss: £ = ||€pre (4, §i) — €clean]|3
8:  Update ey using gradient descent
9: end for
10: Set €aqapt < €pre

Stage 4: Sampling
. Generate {3, }, using Eq. (7) with CLR scale w

model, which has been pre-trained on the ImageNet dataset
at a resolution of 256 x 256 for 7 million steps. This
model achieves a Fréchet Inception Distance (FID) (Heusel
etal. 2017) of 2.27, reflecting strong generative capabilities.
We evaluate our method across seven fine-grained down-
stream datasets: Food—-101 (Bossard, Guillaumin, and
Van Gool 2014), SUN397 (Xiao et al. 2010), DF20-Mini
(Picek et al. 2022), Caltech-101 (Griffin et al. 2007),
CUB-200-2011 (Wahetal. 2011), ArtBench-10 (Liao
et al. 2022), stanford Cars (Krause et al. 2013).
Among these, five datasets are commonly used bench-
marks in computer vision. Notably, DF20-Mini comprises
fungal species images with no class overlap with Ima-
geNet, while ArtBench-10 features artistic images with
markedly different distributions from natural images. This
diverse selection enables a rigorous evaluation under vary-
ing degrees of domain shift relative to the pre-training data.
All fine-tuning experiments are conducted using the fol-
lowing training settings: batch size = 32, learning rate
1 x 10~*, image resolution = 256 x 256, training steps
24,000. We follow the standard CFG strategy during fine-
tuning, employing a label dropout probability of 10%. Each
experiment is carried out on a single NVIDIA A100 80GB
GPU, requiring approximately 4 hours to complete.

Following established evaluation protocols (Xie et al.
2023), we generate 10,000 samples per dataset. Sampling
is conducted using 50 denoising steps and a fixed CLR scale
of 0.5, consistent with CFG and DoG. These settings en-
sure fair and consistent comparison across all models and
datasets. Following DoG, we compute evaluation metrics
between the generated images and the test set, reporting both
the widely used FID and the more recent FDpnov2 (Stein
et al. 2023) to enable a more comprehensive assessment.



Method Food SUN Caltech CUB  Stanford DF-20M ArtBench Average
Bird Car FID
Fine-tuning (w/o guidance) 16.04 21.41 31.34 9.81 11.29 17.92 22.76 18.65
+ Classifier-free guidance 10.93 14.13 23.84 5.37 6.32 15.29 19.94 13.69
Domain guidance 9.25 11.69 23.05 3.52 4.38 12.22 16.76 11.55
Relative promotion 1536% 17.27% 3.31% 34.45%  30.70% 20.08% 15.95% 19.59%
Wasserstein-Aware Transfer 9.01 9.76 23.40 3.55 4.43 11.55 13.43 10.73
Relative promotion 17.57% 30.93% 1.85% 33.89% 29.91% 24.46% 32.65% 21.62%

Table 1: Comparisons on downstream tasks with pre-trained DiT-XL-2-256x256, where Relative Promotion denotes the per-

centage improvement over CFG. FID |

Method Food SUN Caltech CUB  Stanford DF-20M ArtBench Average
Bird Car FDpvov2
Fine-tuning (w/o guidance) 62690 796.77  551.69  421.29 351.97 594.50 337.87 501.48
+ Classifier-free guidance 42390 653.19 416.78  198.12 219.25 326.77 291.23 363.58
Domain guidance 351.93  620.58 39292  140.00 134.15 151.39 257.39 292.62
Relative promotion 20.0% 5.0% 5.7% 29.3% 38.8% 53.7% 11.62% 23.4%
Wasserstein-Aware Transfer  307.85  510.12  381.40  128.71 114.94 138.48 222.48 257.71
Relative promotion 2738% 21.90% 8.49%  35.03% 47.58% 57.62% 23.61% 29.12%

Table 2: Comparisons on downstream tasks with pre-trained DiT-XL-2-256x256. FDpnova2 4

Results

Experimental results across seven datasets are presented in
Tables 1 and 2, where Relative Promotion denotes the per-
centage improvement over CFG. It is worth noting that we
do not include results from methods such as DiffFit (Xie
et al. 2023) and Diff-Tuning (Zhong et al. 2024) in our com-
parisons, as these approaches do not adhere to the standard
fine-tuning protocol. In general, these methods either mod-
ify the training objective or adjust the optimization settings,
making a direct and fair comparison difficult. Nevertheless,
our method is orthogonal to and fully compatible with such
approaches. It introduces no interference with their training
dynamics and can be seamlessly incorporated as a modular
component to further enhance their performance.

As shown in Table 1, our method consistently outper-
forms CFG in terms of FID across all datasets, with par-
ticularly notable improvements on most of them, although
the gain on Caltech is less pronounced. Compared to the
state-of-the-art method DoG, our approach achieves the best
FID scores on four out of seven tasks, with substantial gains
observed especially on SUN and ArtBench. This indicates
that WAT can enhance generation quality even when the tar-
get dataset (e.g., ArtBench) exhibits a large distribution shift
from the source. On average, our method improves the FID
score by 0.82 over DoG (from 11.55 to 10.73). For the more
recent metric FDpinov2, our method achieves clear and con-
sistent improvements over both CFG and DoG. Specifically,
we obtain a relative improvement of 29.12% over CFG and
an absolute improvement of 34.91 over DoG (reducing from
292.62 to 257.71) in the average FDpinov2 score.
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Analytical Experiments

Stochastic Contraction in WW5. As discussed in our method-
ology, the diminishing distributional differences along dif-
fusion trajectories, along with the contraction behavior of
the associated stochastic processes, suggest that pretrained
models retain a degree of generalized knowledge near the
noise end. This highlights how knowledge transfer works in
diffusion models. To validate this hypothesis, we conduct
two sets of analytical experiments.

1) Training Perspective: Motivated by the non-uniform
time-step sampling strategies proposed in (Wang et al. 2025;
Kim et al. 2025) and the empirical observations illustrated in
Fig. 1(a), we observe that distributional differences between
diffusion trajectories tend to converge within the time inter-
val [600, 1000]. Based on this insight, we revise the fine-
tuning strategy of the pretrained model. Specifically, dur-
ing training, we restrict time-step sampling to the [0, 600]
range, while maintaining CFG for sample generation. The
experimental results are presented in Tab. 3, where a posi-
tive A indicates that restricting training to the [0, 0.6] inter-
val yields better generative performance than standard full-
range fine-tuning under the same CFG sampling strategy.
Remarkably, the model achieves competitive performance
even when fine-tuned on only a partial segment of the dif-
fusion trajectory. Notably, for most datasets, focusing train-
ing on the sample-proximal end leads to improved genera-
tive quality. These results validate the soundness of both our
methodological motivation and theoretical analysis.

2) Sampling Perspective: Unlike the truncated training
strategy, we can also verify the reusability of pretrained
models near the noise end directly from the sampling pro-



Method  Food SUN Caltech CUB Bird
[0, 600] 11.24 13.35 24.99 5.01
A 2.84% +552% -4.82% +6.70%
Method Standford Car DF-20M ArtBench
[0, 600] 5.98 13.22 19.71
A +5.38% +13.54% +1.15%

Table 3: Results of training with time steps sampled only

from [0, 600]. A indicates the difference in generative per-

formance compared to full-time-step fine-tuning. FID],
~Noise

te D Step

=]

‘zw 7

Figure 2: Generation results using a hybrid model: steps [0,
20] use the pretrained model, while steps [20, 50] are per-
formed using the fine-tuned model.

cess. Specifically, we combine the fine-tuned and pretrained
models: the fine-tuned model is applied during the denoising
interval [0,600], while the pretrained model is used for the
remaining steps in [600,1000]. The total number of sampling
steps is 50. We present generation results on both the Stan-
ford Cars dataset and food categories that are not present in
ImageNet, with the latter sourced from the Food101 dataset.
The overall image generation process is illustrated in Fig. 2.
These results indicate that even when the pretrained model
is employed during the early stages of sampling, it can still
generate images aligned with the target dataset categories.
Remarkably, this hybrid sampling strategy remains effective
even when the target classes bear no relation to those seen
during pretraining. This suggests that the pretrained model
demonstrates strong generalization capability near the noisy
end of the diffusion trajectory.

Sampling steps. Following the standard diffusion genera-
tion setting, we also evaluate the performance of our method
under different sampling steps. As shown in Tab. 4, our ap-
proach consistently outperforms the conventional CFG sam-
pling method, aligning with the effectiveness observed in
DoG. Notably, on the SUN dataset, our method achieves
the best FID scores across all sampling steps. Notably, our
method consistently outperforms baselines in low-step sam-
pling settings (e.g., 25 steps), demonstrating its effectiveness
and robustness under constrained sampling budgets.
Sensitivity of the CLR scale. To investigate the impact of
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Steps CUB bird SUN
CFG DoG WAT | CFG DoG WAT
25 9.69 460 3.65 | 24.34 19.87 15.66
50 537 3,52 355 | 1413 11.69 9.76
100 | 427 335 3.66 | 1007 871  8.38

Table 4: Results on varying sampling steps. FID |,

1er Food
00
14f — CUB
ol l=—Car
Q1of
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Figure 3: The impact of different CLR scales.

the CLR scale on generation quality, we conduct experi-
ments with different CLR scales across three datasets, as
shown in Fig. 3. The results indicate that performance peaks
around a scale of 0.5 for all datasets. While we adopt a con-
ventional setting of w = 0.5 in the table for a fair compar-
ison with CFG, our method indeed achieves the best results
near this value. Moreover, we observe that our method ex-
hibits a similar sensitivity to the scale parameter as DoG.
Specifically, when w is too large or too small, the generation
quality deteriorates. This suggests that knowledge retention
from the pretrained diffusion model should be maintained
within a reasonable range, with the fine-tuned model play-
ing the dominant role in generation.

Conclusion

In this paper, we investigate the underlying principles of
knowledge transfer in diffusion models. Starting from the
distributional differences in diffusion trajectories across
varying data distributions, we leverage existing theoretical
insights and empirical observations to identify the transfer-
able and generalizable knowledge regions of a pre-trained
model. Based on our analysis, we propose a data-level ap-
proach to mitigate distribution discrepancies by perform-
ing class-wise matching for each conditional branch of the
diffusion model. Building on this matching, we introduce
a novel sampling strategy that linearly combines the con-
ditional branches of the pre-trained and fine-tuned models.
Unlike classifier-free guidance, our approach does not rely
on the use of an unconditional branch or require its separate
training. This design not only reduces model complexity and
parameter count but also shortens training time. Experimen-
tal results validate the effectiveness of our theoretical analy-
sis and demonstrate the superiority of our proposed method.
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