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Abstract

Diffusion models have significantly advanced the field of generative modeling.
However, training a diffusion model is computationally expensive, creating a
pressing need to adapt off-the-shelf diffusion models for downstream generation
tasks. Current fine-tuning methods focus on parameter-efficient transfer learning
but overlook the fundamental transfer characteristics of diffusion models. In
this paper, we investigate the transferability of diffusion models and observe a
monotonous chain of forgetting trend of transferability along the reverse process.
Based on this observation and novel theoretical insights, we present Diff-Tuning,
a frustratingly simple transfer approach that leverages the chain of forgetting
tendency. Diff-Tuning encourages the fine-tuned model to retain the pre-trained
knowledge at the end of the denoising chain close to the generated data while
discarding the other noise side. We conduct comprehensive experiments to evaluate
Diff-Tuning, including the transfer of pre-trained Diffusion Transformer models
to eight downstream generations and the adaptation of Stable Diffusion to five
control conditions with ControlNet. Diff-Tuning achieves a 24.6% improvement
over standard fine-tuning and enhances the convergence speed of ControlNet
by 24%. Notably, parameter-efficient transfer learning techniques for diffusion
models can also benefit from Diff-Tuning. Code is available at this repository:
https://github.com/thuml/Diffusion-Tuning.

1 Introduction

Diffusion models [45][17,/47] are leading the revolution in modern generative modeling, achieving
remarkable successes across various domains such as image [[11, 139, [12]], video [43} 19} 155], 3D
shape [34], audio generation [25], etc. Despite these advances, training an applicable diffusion model
from scratch often demands a substantial computational budget, exemplified by the thousands of
TPUs needed, as reported by [S5]. Consequently, fine-tuning well pre-trained, large-scale models for
specific tasks has become increasingly crucial in practice [54, 60} 56].

During the past years, the deep learning community has concentrated on how to transfer knowledge
from large-scale pre-trained models with minimal computational and memory demands, a process
known as parameter-efficient fine-tuning (PEFT) [20 159} 54, (7, 21} |32]]. The central insight of these
approaches is to update as few parameters as possible while avoiding performance decline. However,
the intrinsic transfer properties of diffusion models have remained largely unexplored, with scant
attention paid to effectively fine-tuning from a pre-trained diffusion model.

Previous studies on neural network transferability, such as those by [33l I57]], have demonstrated
that lower-level features are generally more transferable than higher-level features. In the context of
diffusion models, which transform noise into data through a reverse process, it is logical to assume
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that the initial stages, which are responsible for shaping high-level objects, differ in transferability
from later stages that re ne details. This differential transferability across the denoising stages
presents an opportunity to enhance the ef cacy of ne-tuning.

In this work, we investigate the transferability within the reverse process of diffusion models. Firstly,
we propose that a pre-trained model can act as a universal denoiser for lightly corrupted data, capable
of recognizing and re ning subtle distortions (see Fidure 1). This ability leads to improved generation
quality when we directly replace the ne-tuned model with the original pre-trained one under low
distortion. The suboptimality observed with ne-tuned models suggests potential over tting, mode
collapse, or undesirable forgetting. Then we extend the experiments by gradually increasing the
denoising steps replaced, to cover higher-level noised data, observing the boundaries of zero-shot
generalization capability. This indicates that the ne-tuning objective should prioritize high-level
shaping, associated with domain-speci ¢ characteristics. We term this gradual loss of adaptability
thechain of forgettingwhich tends to retain low-level denoising skills while forgetting high-level,
domain-speci ¢ characteristics during the transfer of the pre-trained model. We further provide novel
theoretical insights to reveal the principles behind the chain of forgetting.

Since the chain of forgetting suggests different denoising stages lead to different forgetting preferences,
it is reasonable to develop a transfer strategy that balances the degrees of forgetting and retention.
Technically, based on the above motivation, we prodogkeTuning a frustratingly simple but
general ne-tuning approach for diffusion models. Diff-Tuning extends the conventional ne-
tuning objectives by integrating two speci ¢ aims: 1) knowledge retention, which retains general
denoising knowledge; 2) knowledge reconsolidation, which tailors high-level shaping characteristics
to speci ¢ downstream domains. Diff-Tuning leverages the chain of forgetting to balance these two
complementary objectives throughout the reverse process.

Experimentally, Diff-Tuning achieves signi cant performance improvements over standard ne-
tuning in two mainstream ne-tuning scenarios: conditional generation and controllable generation
with ControINet [60]. Our contributions can be summarized as follows:

» Motivated by the transferable features of deep neural networks, we explore the transferability
of diffusion models through the reverse process and observe a chain of forgetting tendency.
We provide a novel theoretical perspective to elucidate the underlying principles of this
phenomenon for diffusion models.

« We introduce Diff-Tuning, a frustratingly simple yet effective transfer learning method that
integrates two key objectives: knowledge retention and knowledge reconsolidation. Diff-
Tuning harmonizes these two complementary goals by leveraging the chain of forgetting.

» As a general transfer approach, Diff-Tuning achieves signi cant improvements over its stan-
dard ne-tuning counterparts in conditional generation across eight datasets and controllable
generation using ControlNet under ve distinct conditions. Notably, Diff-Tuning enhances
the transferability of the current PEFT approaches, demonstrating the generality.

2 Related Work

2.1 Diffusion Models

Diffusion models[L7] and their variants47, |48, 23] represent the state-of-the-art in generative
modeling L2, [3], capable of progressively generating samples from random noise through a chain

of denoising processes. Researchers have developed large-scale foundation diffusion models across
a broad range of domains, including image synthésik ideo generatioril9], and cross-modal
generationi43,42]. Typically, training diffusion models involves learning a parametrized fundtion

to distinguish the noise signal from ﬁ disturbed sample, as formalized below:
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herex, X represents real samples, N (O;1) denotes the noise signal, and= P “tXo t
1 + isthe disturbed sample at timesteBampling from diffusion models follows a Markov
chain by iteratively denoising fromr N (0;1) to .

Previous research on diffusion models primarily focuses on noise sche@6|e2&3], training
objectives 4, 23], ef cient sampling 6], and model architecture89]. In contrast to these existing



Figure 1: Case study of directly replacing the denoiser with the original pre-trained model on lightly
disturbed data (left). The changes in Fréchet Inception Distance (FID) as the denoising steps are
incrementally replaced by the original pre-trained model (right).

works, our method investigates the transferability of diffusion models across different denoising
stages and enhances the transfer ef cacy in a novel and intrinsic way.

2.2 Transfer Learning

Transfer learning38] is an important machine learning paradigm that aims to improve the perfor-
mance of target tasks by leveraging knowledge from source domains. Transferring from pre-trained
models, commonly known as ne-tuning, has been widely proved effective in practice, especially for
the advanced large-scale moddis], 12]. However, directly ne-tuning a pre-trained model can
cause over tting, mode collapse, and catastrophic forget@d}y [Extensive prior work has focused

on overcoming these challenges to ultimately enhance the utilization of knowledge from pre-trained
models [2, 8, 61]. However, effective transfer of diffusion models has received scant attention.

Parameter-Ef cient Fine-tuning (PEFT)  With signi cant advancements in the development of
large-scale modeldlp, 5, 1, 12, research in transfer learning has increasingly concentrated on
PEFT methods that minimize the number of learnable parameters. The primary goal of PEFT is to
reduce time and memory costs associated with adapting large-scale pre-trained models. Techniques
such as incorporating extra adapte26,[60, 35] and learning partial or re-parameterized parameters

[59, 21, 22, 14] are employed for their effectiveness in reducing computational demands. Nevertheless,
the reliance on deep model architectures and the necessity of carefully selecting optimal placements
present substantial challenges. Intuitively, PEFT approaches could potentially mitigate catastrophic
forgetting by preserving most parameters unchanged,; for a detailed discussion, refer to Section 4.3.

Mitigating Catastrophic Forgetting Catastrophic forgetting is a long-standing challenge in the
context of continual learning, lifelong learning, and transfer learning, referring to the tendency of
neural networks to forget previously acquired knowledge when ne-tuning on new tasks. Recent ex-
ploration in parameter regularization approact& 28, 27, 8] have gained prominence. Approaches
such as $8, 29, 52] propose the data-based regularization, which involves distilling pre-trained
knowledge into a knowledge bank. However, efforts to mitigate forgetting within the framework of
diffusion models remain notably scarce.

3 Method

3.1 Chain of Forgetting

Compared with one-way models, diffusion models specify in a manner of multi-step denoising
and step-independent training objectives. Inspired by prior studies on the transferability of deep
neural featuresg7, 33], we rst explore how the transferability of diffusion models varies along the
denoising steps.

Pre-trained Model Serves as a Zero-Shot DenoiserModern large-scale models are pre-trained

with a large training corpus, emerging powerful zero-shot generalization capabilities. We begin by
analyzing whether the pre-trained diffusion models hold similar zero-shot denoising capabilities. In
particular, we utilize a popular pre-trained Diffusion Transformer (DiT) mo8@jl &s our testbed. We
ne-tune the DiT model on a downstream dataset. When the reverse process comes to the the last 10%



steps, we switch and continue the remaining denoising steps with the ne-tuned model, the original
pre-trained model, and our Diff-Tuning model respectively. We visualize a case study in Figure 1
(left) with corresponding replacement setups. Surprisingly, the results reveal that replacement by the
pre-trained model achieves competitive quality, even slightly better than the ne-tuned one, indicating
that the pre-trained diffusion model indeed holds the zero-shot denoising skills. On the other side,
some undesirable over tting and forgetting occur when ne-tuning diffusion models.

Forgetting Trend Next, we delve deeper into investigating the boundary of generalization capabili-
ties for the pre-trained model. Figure 1 (right) illustrates the performance trend when we gradually
increase the percentage of denoising steps replacedftorhi00% Initially, this naive replacement

yields better generation when applied towards the end of the reverse process. However, as more
steps are replaced, performance begins to decline due to domain mismatch. This trend suggests the
ne-tuned model may over t the downstream task and forget some of the fundamental denoising
knowledge initially possessed by the pre-trained model vtiesmall. Conversely, d@sincreases, the

objects desirable in the new domain are distorted by the pre-trained model, resulting in a performance
drop. Based on these observations, we conceptually separate the reverse process into two stages: (1)
domain-speci ¢ shaping, and (2) general noise re ning. We claim that the general noise re ning
stage is more transferable and can be reused across various domains. In contrast, the domain-speci ¢
shaping stage requires the ne-tuned model to forget the characteristics of the original domain and
relearn from the new domains.

Theoretic Insights Beyond empirical observations, we provide a novel theoretical perspective of
the transfer preference for the pre-trained diffusion model. Following the objectives of diffusion
models, a denoisét (anxg-reparameterizatior?p] of f in Eq. (1)) is to approximate the posterior
expectation of real data over distributibn This is formalized by:
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wherepp (Xo) represents the distribution of real data fr@mandN denotes the Gaussian distribu-
tions determined by the forward process. Notably, a larger variance of Gaussian distribution indicates
a more uniform distribution. Through a detailed investigation of these Gaussian distributions under
varying timesteps, we derive the following theorem. All proofs and derivations are provided in
Appendix A.

Theorem 1 (Chain of Forgetting) Suppose a diffusion model WittinnO t =1 and tI'irnT + =0
over nite samples, then the ideal denoigersatis es ' '

1. tI!m0 F(x¢) =argminfk xg Xkg, i.e., the closest sample in dataset.
' p(x0)>0

2. t'j”} F(Xt) = Ex, po (x0)[X0l, i.€., the mean of data distribution.

Theorem 1 elucidates the mechanism behind the chain of forgetting. On one hand, Wwhén

a model optimized on a training datagetan perform zero-shot denoising within the vicinity of
the support sesupf{D). As the training dataset scale expands, so does the coveragpbd),
enabling diffusion models to act as general zero-shot denoisers for data associated with@Gmall
the other hand, as! T, the model's generalization is signi cantly in uenced by the distribution
distancalist(Ep [Xo]; Ep ,..[X5%"]), whereD e denotes the dataset of the new domain. This theorem
highlights the necessity for further adaptation in the new domain.

3.2 Diff-Tuning

Based on the above observations and theoretical insights, we introduce Diff-Tuning, which incor-
porates two complementary strategies to leverage the chain of forgetting in the reverse process: 1)
knowledge retention, and 2) knowledge reconsolidation. Diff-Tuning aims to retain general denoising
skills from the pre-trained model while discarding its redundant, domain-speci ¢ shaping knowl-
edge. This enables the model to adapt more effectively to the speci ¢ characteristics of downstream
tasks. Diff-Tuning harmonizes the retention and reconsolidation via the chain of forgetting tendency.



Figure 2: The conceptual illustration of the chain of forgetting (Left). The increasing forgetting
tendency as grows. (a) Build a knowledge bank for the pre-trained model before ne-tuning. (b)
Diff-Tuning leverages knowledge retention and reconsolidation, via the chain of forgetting.

Without loss of generality, we present Diff-Tuning under the standard DDPM objective, omitting
conditions in the formulations. The general conditional generation setup will be discussed later.

Knowledge Retention As discussed earlier, retaining pre-trained knowledge during the latter
general noising re ning proves bene cial. However, the classic parameter-regularization-based
approaches4, 8, 27] mitigate forgetting uniformly across the reverse process, primarily due to the
parameter-sharing design inherent in diffusion models. To address this, Diff-Tuning constructs an

augmented datas¥s = fkS; g, pre-sampled from the pre-trained model. This dataset acts as
a repository of the retained knowledge of the pre-trained model. We de ne the auxiliary training
objective L retention @s follows:

h
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where (t) is the retention coef cient. In accordance with the principles of the chain of forgetting,

(t) decreases monotonically with increasingromoting the retention of knowledge associated
with smallt values and the discarding of knowledge related to langgdues. Knowledge Retention
shares a similar formulation with the pre-training objective but without the reliance on the original
pre-training dataset.

i
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It is important to note that the concept of Knowledge Retention in Diff-Tuning is anchored in the
principle of the chain of forgetting. This approach encourages the model to recall how to denoise
samples with low levels of disturbance, as re ected by the retention coef cigiit While the
proposed augmented dataset serves as an easy-to-implement example of this concept, given the
exibility of Diff-Tuning, various other methods can also effectively facilitate knowledge retention.

An alternative approach involving knowledge distillation is detailed in Appendix C.

Knowledge Reconsolidation In contrast to knowledge retention, knowledge reconsolidation fo-
cuses on adapting pre-trained knowledge to new domains. The intuition behind knowledge reconsoli-
dation is to diminish the con ict between forgetting and adaptation by emphasizing the tuning of
knowledge associated with lartieThis adaptation is formalized as follows:

h
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where (t) is the reconsolidation coef cient, a monotonic increasing function within the rgoda,

re ecting increased emphasis on domain-speci ¢ adaptatidniaareases. Similar to Knowledge
Retention, the principle behind Knowledge Reconsolidation involves adapting the model to effectively



handle samples that are heavily disturbed, which are more signi cantly in uenced by the distance
between the pre-trained and target distributions. Reweighting(byserves as one of the simplest
implementations of this concept.

A Frustratingly Simple Approach Overall, we reach Diff-Tuning, a general and exible ne-
tuning framework for effective transferring pre-trained diffusion models to downstream generations,
the overall objective is as follows:

min Lretentior{ )+ Ladaptatiov( ); (5)

whereL retentiod, ) @aNdL agaptatiof ) are described before represents the set of tunable parameters.
Notably, Diff-Tuning is architecture-agnostic and seamlessly integrates with existing PEFT methods.
Further details are discussed in Section 4.3.

Choices of (t) and (t) For clarity and simplicity, we de ne(t) = 1 (t), ensuring equal
weighting for each, following the original DDPM con guration. This complementary design
excludes the in uences of recent studies ontireweighting technique®p, 12, 9]. From the above
discussion, we can choose any monotonically increasing function whose range [f@j]irin this
work, we scale the variableto the interval0; 1], and apply a simple power function grouit) = t

for practical implementation. In our experiments, we report the main results with , and the
variations of the choice are explored in Section 4.4.

Conditional Generation Classi er-free guidance (CFG)LB] forms the basis for large-scale con-
ditional diffusion models. To facilitate sampling with CFG, advanced diffusion models such as
DiT [39] and Stable Diffusion 12] are primarily trained conditionally. CFG is formulated as

=(1+ w) . w ,wherew; ; , are the CFG weight, conditional output, and unconditional
output. As a general approach, Diff-Tuning inherits the conditional training and sampling setup
to support a wide range of transfer tasks. Due to the mismatch between the pre-training domain
and downstream tasks in the conditional space, we apply knowledge retepti@fnon the un-
conditional branch and knowledge reconsolidatiQgaptaion0n both unconditional and conditional
branches.

4 Experiments

To fully verify the effectiveness of Diff-Tuning, we extensively conduct experiments across two main-
stream ne-tuning scenarios: 1) Class-conditional generation, which involves eight well-established
ne-grained downstream datasets, and 2) Controllable generation using the recently popular Control-
Net [60], which includes ve distinct control conditions.

4.1 Transfer to Class-conditional Generation

Setups Class-conditioned generation is a fundamental application of diffusion models. To fully
evaluate transfer ef ciency, we adhere to the benchmarks with a resolut@itof 256 as used in
DiffFit [ 54, including datasets such as Food1@], BUN397 B3], DF20-Mini [4(], Caltech10113],
CUB-200-2011 50], ArtBench-10 BQ], Oxford Flowers B7], and Stanford Cars2p]. Our base
model, the DiT-XL-2-256x25639], is pre-trained on ImageNet 866 256resolution, achieving a
Fréchet Inception Distance (FID)§] of 2.272. The FID is calculated by measuring the distance
between the generated images and a test set, serving as a widely used metric for evaluating generative
image models' quality. We adhere to the default generation protocol as speci &d]jrggnerating

10K instances with 50 sampling steps (FID-10Ky, weight is set to 1.5 for evaluation. For the
implemented DiffFit baseline, we follow the optimal settings3d][ which involve enlarging the
learning rate 10 and carefully placing the scale factor to 1 to 14 blocks. For each result, we ne-tune
24K iterations with a batch size of 32 for standard ne-tuning and Diff-Tuning, and a batch size
of 64 for DiffFit, on one NVIDIA A100 40G GPU. For each benchmark, we recorded the Relative

Promotio of FID between Diff-Tuning and Full Fine-tunin@'f{‘mgm?ﬁnﬂ'uﬂﬂzm”'”9) to highlight the

effectiveness of our method. More implementation details can be found in Appendix B.

2https://dl.fbaipublic les.com/DiT/models/DiT-XL-2-256x256.pt



Table 1: Comparisons on 8 downstream tasks with pre-trained DiT-XL-2-256x256. MethodgWith "
are reported from the original Table 1 of [54]. Parameter-ef cient methods are denoted by "*".

Dataset . Oxford Standard Average
Method Food SUN DF-20M Caltech CUB-Bird ArtBenchs 0o o ™~ o 1 FID

Full Fine-tuning |10.93 14.13 15.29 23.84 5.37 19.94 16.67 6.32 14.06
AdaptForme¥ [7] | 11.93 10.68 19.01 34.17 7.00 35.04 21.36 10.4518.70

BitFitY [59] 9.17 9.11 17.78 34.21 8.81 2453 20.31 10.64 16.82
VPT-Deep [22] |18.47 1454 32.89 4278 17.29 40.74  25.59 22.1226.80
LoRAY [21] 33.75 32.53 120.25 86.05 56.03 80.99 164.13 76.281.25
DiffFit [54] 7.80 10.36 15.24 23.79 4.98 16.40 14.02 581 12.21
Diff-Tuning 6.05 9.01 13.64 23.69 3.50 13.85 12.63 5.3 11.08

Relative Promotio44.6% 36.2% 10.8% 0.6%  34.8% 30.5% 24.2% 15.09%24.6%

Results Comprehensive results are presented in Table 1 with the bésildhand the second
underlined Compared with other baselines, our Diff-Tuning consistently exhibits the lowest FID
across all benchmarks, outperforming the standard ne-tuning by a signi cant margin (relative 24.6%
overpass), In contrast, some PEFT techniques do not yield improved results compared to standard
ne-tuning. A detailed comparison with DiffFit is discussed in subsequent sections.

4.2 Transfer to Controllable Generation

Setups Controlling diffusion models enables per-

sonalization, customization, or task-specic im-

age generation. In this section, we evaluate Diff-

Tuning on the popular ControlNe8(], a state-of-

the-art controlling technique for diffusion models,

which can be viewed as ne-tuning the stable dif-

fusion model with conditional adapters at a high

level. We test Diff-Tuning under various image-

based conditions provided by ControlRenclud-

ing Sketch 51], Edge p], Normal Map B9, Depth

Map [41], and Segmentation on the COC81] and

ADE20k [62] datasets at a resolution 612 512

We ne-tune ControlNet for 15k iterations for each

condition except 5k for Sketch and 20k for Segmen-

tation on ADE20k, using a batch size of 4 on ongjg re 3: An example of evaluating dissimilari-
NVIDIA A100 40G GPU. For more speci ¢ training (jeg hetween conditions (the Normal condition)
and inference parameters, refer to Appendix B. 4 jnfer the occurrence of sudden convergence.

Evaluation through Sudden Convergence Steps Due to the absence of a robust quantitative
metric for evaluating ne-tuning approaches with ControlNet, we propose a novel metric based on the
sudden convergence steps. In the sudden convergence phenomenon, as reported in [60], ControlNet
tends not to learn control conditions gradually but instead abruptly gains the capability to synthesize
images according to these conditions after reaching a sudden convergence point. This phenomenon
is observable in the showcases presented in Figure 4 throughout the tuning process. We propose
measuring the (dis-)similarity between the original controlling conditions and the post-annotated
conditions of the corresponding controlled generated samples. As depicted in Figure 3, a distinct
“leap” occurs along the training process, providing a clear threshold to determine whether sudden
convergence has occurred. We manually select this threshold, combined with human assessment,
to identify the occurrence of sudden convergence. The detailed setup of this metric is discussed in
Appendix F.

Results As demonstrated in Table 2, Diff-Tuning consistently requires signi cantly fewer steps
to reach sudden convergence across all controlling conditions compared to standard ne-tuning of

3https://github.com/lllyasviel/ControlNet



Figure 4: Qualitative compare Diff-Tuning to the standard ControlNet. Red boxes refer to the
occurence of “sudden convergence”.

Table 2: Sudden convergence steps on controlling Stable Diffusion with 5 conditions.

Method | Sketch Normal Depth Edge Seg.(COCO) Seg. (ADE2@kerage
ControlNet [60] \ 3.8k 103k 9.9k 6.7k 9.2k 13.9k \ 9.0k
ControINet Diff-Tuning | 3.2k 7.8k 8.8k 5.3k 6.3k 8.3k 6.6k
Relative Promotion 15.8% 24.3% 11.1% 20.9% 31.5% 40.3% | 24.0%

ControlNet, indicating a consistent enhancement in the transfer ef ciency. In Figure 4, we display
showcases from the training process both with and without Diff-Tuning. It is observed that Diff-
Tuning achieves sudden convergence signi cantly faster, enabling the generation of well-controlled
samples more quickly. By comparing the images from the nal converged model at the same step, it
is evident that our proposed Diff-Tuning achieves superior image generation quality.

4.3 Discussion on Parameter-Ef cient Transfer Learning

The initial motivation behind adapter-based approaches in continual learning is to prevent catastrophic
forgetting by maintaining the original model unchang2@][ These methods conceptually preserve

a separate checkpoint for each arriving task, reverting to the appropriate weights as needed during
inference. This strategy ensures that knowledge from previously learned tasks is not overwritten. In
transfer learning, however, the objective shifts to adapting a pre-trained model for new, downstream
tasks. This adaptation often presents unique challenges. Prior studies indicate that PEFT methods
struggle to match the performance of full model ne-tuning unless modi cations are carefully
implemented. Such modi cations include signi cantly increasing learning rates, sometimes by more
than tenfold, and strategically placing tunable parameters within suitable b@tKs b4]. Consider

the state-of-the-art method, DiffFit, which updates only the bias terms in networks, merely 0.12% of
the parameters in DiT equating to approximately 0.83 million parameters. While this might seem
ef cient, such a small proportion of tunable parameters is enough to risk over tting downstream
tasks. Increasing the learning rate to compensate for the limited number of trainable parameters can
inadvertently distort the underlying pre-trained knowledge, raising the risk of training instability and
potentially causing a sudden and complete degradation of the pre-trained knowledge, as observed in
studies like [54].

Elastic Weight Consolidation (EWC24] is a classic parameter-regularized approach to preserve
knowledge in a neural network. We calculate theEWC values, which are de ned &WNC =
k ok?, for the tunable parameters in the evaluated approa@sgsihe EWC value quanti es



Figure 5: The compatibility of Diff-Tuning with PEFT (a), and catastrophic forgetting analysis (b-c).

how far the ne-tuned model deviates from the pre-trained model, indicating the degree of knowledge
forgetting from the perspective of parameter space.

Figure 5(b) reveals that DiffFit leads to EWC values that are 2.42 times larger with only 0.12% tunable
parameters, indicating heavy distortion of the pre-trained knowledge. Figure 5(c) illustrates the
averaged EWC over tunable parameters, showing that each tunable bias term contributes signi cantly
more to the EWC. In contrast, Diff-Tuning achieves lower EWC values. Diff-Tuning does not
explicitly focus on avoiding forgetting in the parameter space but rather harmonizes the chain of
forgetting in the parameter-sharing diffusion model and only retains knowledge associated with small
t rather than the entire reverse process.

Diff-Tuning can be directly applied to current PEFT approaches, and the comparison results in
Figure 5 demonstrate that Diff-Tuning can enhance the transfer capability of DiffFit and signi cantly
improve converged performance.

4.4 Analysis and Ablation

Fine-tuning Convergence Analysis To analyze converging speed, we present a concrete study on
the convergence of the FID scores for standard ne-tuning, DiffFit, Diff-Tuning, and Diff-Tuning
(DiffFit equipped with Diff-Tuning) every 1,500 iterations in the SUN 397 dataset, as shown in Figure
6(a). Compared to standard ne-tuning and DiffFit, Diff-Tuning effectively leverages the chain of
forgetting, achieving a balance between forgetting and retaining. This leads to faster convergence
and superior results. Furthermore, the result of Diff-Tuniimglicates that PEFT methods such like
DiffFit still struggle with forgetting and over tting. These methods can bene t from Diff-Tuning.

Ablation Study We explore the ef cacy of each module within Diff-Tuning, speci cally focusing

on knowledge retention and knowledge reconsolidation. We assess Diff-Tuning against its variants
where: (1) Only reconsolidation is applied, settifg) Oand (t) = t; and (2) Only retention is
employed, setting(t)=1 tand (t) 1. The results, illustrated in Figure 6(b) demonstrate that
both knowledge retention and knowledge reconsolidation effectively leverage the chain of forgetting
to enhance ne-tuning performance. The FID scores reported on the DF20M dataset clearly show
that combining these strategies leads to more ef cient learning adaptations.

Figure 6: Transfer convergence analysis (a), ablation study (b), and sensitivity analysis (c-d).

Tradeoff the Forgetting and Retraining with the Chain of Forgetting For simplicity and ease of
implementation, Diff-Tuning adopts a power functior(t) = t, as the default reconsolidation coef -
cient. To explore sensitivity to hyperparameters, we conduct experiments using various coef cient
functions (t) = t with values from the sdt0; 0:3; 0:5; 0:7; 1; 1:5g, and a signal-to-noise ratio
(SNR) based function (t) = 1 =(1 + SNR(t)) [9]. Results on the Stanford Car dataset, shown in
Figure 6(c), a carefully tuned coef cient can yield slightly better results. To keep the simplicity, we



Figure 7: The in uence of the quality of the augmented dataset (a), sensitivity with respect to different
sampling steps (b), and application of Diff-Tuning in a continual learning setup (c).

keep the default setting= 1. Notably, when = 0, Diff-Tuning reduces to the standard ne-tuning
baseline.

Analysis on Knowledge Retention In Diff-Tuning, knowledge is retained using pre-sampled data
from pre-trained diffusion models before ne-tuning. We evaluate the impact of varying sample sizes
(5K, 50K, 100K, 200K, and the entire source dataset) on the performance of the DiT model on the
Stanford Car dataset, as illustrated in Figure 6(d). Notably, using the entire source dataset, which
comprises 1.2M ImageNet images, results in suboptimal outcomes. This observation underscores
that pre-sampled data serve as a more precise distillation of pre-trained knowledge, aligning with our
goal of retraining knowledge rather than merely introducing extra training data.

Beyond the size of the augmented dataset, the quality of the samples can also in uence knowledge
retention. Therefore, we further analyze the impact of different sampling steps during the pre-
sampling stage, as depicted in Figure 7(a). The ndings demonstrate that Diff-Tuning exhibits
consistent performance, indicating that the knowledge retention process is robust to variations in the
sampling process of the augmented dataset.

Sensitivity to Sampling Steps We evaluate Diff-Tuning using various sampling parameters, specif-
ically settings of 25, 50, 100, and 500 steps. As depicted in Figure 7(b), there is a consistent
improvement in performance across these con gurations. Notably, Diff-Tuning shows a more sig-
ni cant enhancement with fewer steps, suggesting that it builds a more precise denoising model
compared to standard ne-tuning.

4.5 Extend Diff-Tuning to Continual Learning

In dynamic target domains like online systems that continually collect new data, continual learning is
essential as models must undergo iterative ne-tuning to adapt to evolving datasets. To evaluate the
adaptability of Diff-Tuning in this context, we extend out method and conduct experiments on the
Evolving Image Search dataset [63], which includes images from 10 categories collected over three
phases: 2009-2012, 2013-2016, and 2017-2020. We apply transfer learning sequentially across these
temporal splits, and measure FID on the cumulative test set. For Diff-Tuning, we 488&iof the

initially sampled augmented data and generated the rema@#gusing the ne-tuned model before
proceeding to the next phase. As shown in Figure 7(c), the results demonstrate that Diff-Tuning
consistently improves and sustains robust performance as the dataset evolves.

5 Conclusion

In this paper, we explore the transferability of diffusion models and provide both empirical obser-
vations and novel theoretical insights regarding the transfer preferences in their reverse processes,
which we term the chain of forgetting. We present Diff-Tuning, a frustratingly simple but general
transfer learning approach designed for pre-trained diffusion models, leveraging the identi ed trend
of the chain of forgetting. Diff-Tuning effectively enhances transfer performance by integrating
knowledge retention and knowledge reconsolidation techniques. Experimentally, Diff-Tuning shows
great generality and performance in advanced diffusion models, including conditional generation
and controllable synthesis. Additionally, Diff-Tuning is compatible with existing parameter-ef cient
ne-tuning methods.
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A Proofs of Theoretical Explanation in Section 3.1

In this section we provide the formal de nitions and proofs for theoretical explanation of chain
of forgetting. From the setup of diffusion model training and previous wo2Bk ve suppose
the dataset consists of nite bounded samiles fxgl) ;ng> i xg”)g, andf is the denoiser to

minimizeL ( ) as in Eq.(1) under -parameterization. For convenience, we rst convert the denoiser
into X o-parameterization bl (x;) = Lﬁ# and the objective becomes

h i
L = Ecxo, kKXo F(X)K* : (6)

Ideal Denoiser in Eq.(6). An ideal denoisef should minimize the valu€ (x.) for all t; x;
almost surely, implying an objective f&r(x¢):

Lix, (F(Xt)) = Ex, p(xojxt)hkxo F(xt)k2I : )
By taking a derivative, it holds that
0=r pxyLlex, (F(Xt)) = Exy peojx) [ 2(Xo  F(x))]; (8)
and nally,
F(xy) = Exo p(xojx¢) X0l 9
= Xo P(XojXt)dXo (10)

0

_ xo X0 Po(X0)P(XtjX0)dXo 1)

Po (Xt)

_ xgX0 Po(Xo)P(XtjXo)dXo
R X0 DD(XF()))D(thXO)dXo

_ XRN Xt; ;Xo;(l )l Xo Po(Xo)dxo (13)
N X" TiXor (1 )l po(Xo)dxo
%020 N Xt;pjx():(l )l Xo

2o N Xt xor(@ Q)

12)

(14)

Remark.This ideal denoiser is exactly the same one as [23] under DDPM-style de nition.

Casewhert! 0. Whent! 0, (! 1 Forsimplicity suppose the closest sampl&as unique.
Let

x §osest= argminXOZka X0 X¢k% (15)
L S, P xo xk k Pxgesest x> 0, (16)
0 0
then
P p__
0 X02D N .?\(t; tXo; (1 )l Xo closest an
N Xt;P txt:)losess(l Ol
X Ql—exp K pith xk? + kpitxgIOSGSt X K2 (18)
xo2Dnfxebsesy 2 Y 20 )
S S )
X 02 D nf xclosesy 2 (1 t) 2(1 t)
as ;! 1,ie., =) b
X02D N y)\(t’ tXo; (1 )l Xo | Xglosesf (20)

.V —
N Xt tXglosesE (1 t)l
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Similarly P D
xo2p N Xt;" “tXo; (1 o)l
N xg; o ox§ost(L ()l

and thusF (x;) ! x§°sest which completes the proof. Notably, when there are multiple closest
samples, through similar analysis it is clear thgk) converges to their average.

1; (21)

Casewhent! T. Whent! T, ;! 0, andthusN xt;pﬁxo;(l ol IN xg;0;1 ,a
constant for varying . Bringing this back to Eq. (14) and it holds that
X

1
F(x¢) = - Xo; (22)
X02D
which completes the proof.

B Implementation Details

We provide the details of our experiment con guration in this section. All experiments are imple-
mented by Pytorch and conducted on NVIDIA A100 40G GPUs.

B.1 Benchmark Descriptions

This section describes the benchmarks utilized in our experiments.

B.1.1 Class-conditional Generation Tasks

Food101 f] The dataset consists of 101 food categories with a total of 101,000 images. For each
class, 750 training images preserving some amount of noise and 250 manually reviewed test images
are provided. All images were rescaled to have a maximum side length of 512 pixels.

SUN397 B3] The SUN397 benchmark contains 108,753 images of 397 well-sampled categories
from the origin Scene UNderstanding (SUN) database. The number of images varies across categories,
but there are at least 100 images per category. We evaluate the methods on a random partition of the
whole dataset with 76,128 training images, 10,875 validation images and 21,750 test images.

DF20M [40] DF20is a new ne-grained dataset and benchmark featuring highly accurate class
labels based on the taxonomy of observations submitted to the Danish Fungal Atlas. The dataset
has a well-de ned class hierarchy and a rich observational metadata. It is characterized by a highly
imbalanced long-tailed class distribution and a negligible error rate. Importantly, DF20 has no
intersection with ImageNet, ensuring unbiased comparison of models ne-tuned from ImageNet
checkpoints.

Caltech101 p0] The Caltech 101 dataset comprises photos of objects within 101 distinct categories,
with roughly 40 to 800 images allocated to each category. The majority of the categories have around
50 images. Each image is approximately 300x200 pixels in size.

CUB-200-201 p0] CUB-200-2011 (Caltech-UCSD Birds-200-2011) is an expansion of the CUB-
200 dataset by approximately doubling the number of images per category and adding new annotations
for part locations. The dataset consists of 11,788 images divided into 200 categories.

Artbench10 [30] ArtBench-10 is a class-balanced, standardized dataset comprising 60,000 high-
quality images of artwork annotated with clean and precise labels. It offers several advantages over
previous artwork datasets including balanced class distribution, high-quality images, and standardized
data collection and pre-processing procedures. It contains 5,000 training images and 1,000 testing
images per style.

Oxford Flowers [37] The Oxford 102 Flowers Dataset contains high quality images of 102
commonly occurring ower categories in the United Kingdom. The humber of images per category
range between 40 and 258. This extensive dataset provides an excellent resource for various computer
vision applications, especially those focused on ower recognition and classi cation.
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Figure 8: Samples show of different datasets.

Stanford Cars [26] In the Stanford Cars dataset, there are 16,185 images that display 196 distinct
classes of cars. These images are divided into a training and a testing set: 8,144 images for training
and 8,041 images for testing. The distribution of samples among classes is almost balanced. Each
class represents a speci ¢ make, model, and year combination, e.g., the 2012 Tesla Model S or the
2012 BMW M3 coupe.

B.1.2 Controllable Generation

COCO [3]] The MS COCO dataset is a large-scale object detection, segmentation, key-point
detection, and captioning dataset. We adopt the version of 2017 where 164k images are split into
118k/5k/41k for training/validation/test. For each image, we randomly select one of its corresponding
captions, and use detectors of Canny edge, (binarized) HED sketch, MIDAS depth/normal and
Uniformer segmentation implemented in ControlNet to obtain the annotation control, and nal
construct the dataset of image-text-control pairs for training and evaluation. All controling condition
has channel 1 except normal map and segmentation mask with channel 3.

Ade20k [62] The Ade20k dataset is a semantic segmentation dataset containing nearly 21k/2k
training/validation images annotated with pixel-wise segmentation mask of 149 categories of stuff
and objects. For each image, we use the “default profigpitigh-quality, detailed, and professional
image” as adopted in ControlNet, and use Uniformer implemented in ControlNet to obtain the
segmentation mask as the control to obtain the dataset of image-text-control pairs.
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