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Abstract

We present Diffusion Model Patching (DMP), a simple
method to boost the performance of pre-trained diffusion
models that have already reached convergence, with a neg-
ligible increase in parameters. DMP inserts a small, learn-
able set of prompts into the model’s input space while keep-
ing the original model frozen. The effectiveness of DMP is
not merely due to the addition of parameters but stems from
its dynamic gating mechanism, which selects and combines
a subset of learnable prompts at every timestep (i.e., reverse
denoising steps). This strategy, which we term “mixture-of-
prompts”, enables the model to draw on the distinct expertise
of each prompt, essentially “patching” the model’s function-
ality at every timestep with minimal yet specialized parame-
ters. Uniquely, DMP enhances the model by further training
on the original dataset already used for pre-training, even in
a scenario where significant improvements are typically not
expected due to model convergence. Notably, DMP signifi-
cantly enhances the FID of converged DiT-L/2 by 10.38% on
FFHQ, achieved with only a 1.43% parameter increase and
50K additional training iterations.

Project Page — https://sangminwoo.github.io/DMP/
Extended Paper — https://arxiv.org/abs/2405.17825

Introduction
The rapid progress in generative modeling has been largely
driven by the advancement of diffusion models (Sohl-
Dickstein et al. 2015; Ho, Jain, and Abbeel 2020), which
have gained attention for their desirable properties, such
as stable training, smooth model scaling, and good mode
coverage (Nichol and Dhariwal 2021). Diffusion mod-
els have set new standards in generating high-quality, di-
verse samples that closely match the distribution of various
datasets (Dhariwal and Nichol 2021; Ramesh et al. 2021;
Saharia et al. 2022b; Poole et al. 2022).

Diffusion models are characterized by their multi-step de-
noising process, which progressively refines random noise
into structured outputs, such as images. Each step aims to
denoise a noised input, gradually converting completely ran-
dom noise into a meaningful image. Despite all denoising
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Figure 1: Further training of the fully converged DiT-L/2
model using the same dataset as the pre-training phase. Our
method, DMP achieves a 10.38% FID improvement in just
50K iterations, while other methods exhibit overfitting.

steps share the same goal of generating high-quality images,
each step has distinct characteristics that contribute to shap-
ing the final output (Go et al. 2023; Park et al. 2023). The vi-
sual concepts that diffusion models learn vary based on the
noise ratio of input (Choi et al. 2022). At higher noise lev-
els (timestep t is close to T ), where images are highly cor-
rupted and thus contents are unrecognizable, the models fo-
cus on recovering global structures and colors. As the noise
level decreases and images become less corrupted (timestep
t is close to 0), the task of recovering images becomes more
straightforward, and diffusion models learn to recover fine-
grained details. Recent studies (Balaji et al. 2022; Choi et al.
2022; Go et al. 2023; Park et al. 2023) suggest that consid-
ering stage-specificity is beneficial, as it aligns better with
the nuanced requirements of different stages in the genera-
tion process. However, many existing diffusion models do
not explicitly consider this aspect.

Our goal is to enhance already converged diffusion mod-
els by introducing stage-specific capabilities using the same
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Figure 2: Overview of DMP. We take inspiration from prompt tuning (Lester, Al-Rfou, and Constant 2021) and aim to enhance
already converged diffusion models. Our approach incorporates a pool of prompts within the input space, with each prompt
learned to excel at certain stages of the denoising process. At every step, a unique blend of prompts (i.e., mixture-of-prompts)
is constructed via dynamic gating based on the current noise level. This mechanism is similar to an skilled artist choosing the
appropriate color combinations to refine different aspects of their artwork for specific moments. Importantly, our method keeps
the diffusion model itself unchanged, and only use the original training dataset for further training.

pre-training dataset. We propose Diffusion Model Patching
(DMP), a method that equips pre-trained diffusion models
with an enhanced toolkit, enabling them to navigate the
generation process with greater finesse and precision. An
overview of DMP is shown in Fig. 2. DMP consists of
two main components: (1) Learnable prompts: A small
pool of prompts (Lester, Al-Rfou, and Constant 2021), op-
timized for particular stages of the denoising process, act
as “experts” for certain denoising steps (or noise levels).
This lightweight addition adjusts only small parameters at
the input space and enables the model to be directed towards
specific behaviors for each stage without retraining the en-
tire model. (2) Dynamic gating mechanism: This mech-
anism creates mixture-of-prompts by adaptively combining
prompts based on the noise level of the input, enabling the
model to leverage specialized knowledge for each stage.

By incorporating these components, we continue training
the converged diffusion models using the original dataset on
which they were pre-trained. Given that the model has al-
ready converged, it is generally assumed that conventional
fine-tuning would not lead to significant improvements or
may even cause overfitting. However, DMP provides the
model with a nuanced understanding of each denoising step,
leading to enhanced performance, even when trained on the
same data distribution. As shown in Fig. 1, it boosts the per-
formance of DiT-L/2 (Peebles and Xie 2022) by 10.38%
with only 50K iterations on the FFHQ dataset (Karras,
Laine, and Aila 2019).

While simple, DMP offers several key strengths:
➊ Data Efficiency: DMP boosts model performance using
the original dataset, without requiring any external datasets.
This is particularly noteworthy as further training of already

converged diffusion models on the same dataset typically
does not lead to performance gains. DMP differs from gen-
eral fine-tuning (Deng et al. 2009), which often transfers
knowledge across different datasets.
➋ Computational Efficiency: DMP patches pre-trained dif-
fusion models by slightly modifying their input space, with-
out updating the model itself. DMP contrasts with methods
that train diffusion models from scratch for denoising-stage-
specificity (Choi et al. 2022; Hang et al. 2023; Go et al.
2023; Park et al. 2023, 2024), which can be computation-
ally expensive and storage-intensive.
➌ Parameter Efficiency: DMP adds only a negligible num-
ber of parameters, approximately 1.43% of the total model
parameters (based on DiT-L/2). This ensures that perfor-
mance enhancements are achieved cost-effectively.
➍ Simplified Training: DMP eliminates the need to train
multiple expert networks for different denoising stages. In-
stead, it uses a few prompts to learn nuanced behaviors spe-
cific to each step. This simplifies the model architecture and
training process compared to prior methods (Balaji et al.
2022; Feng et al. 2023; Xue et al. 2023; Park et al. 2024).

Related Work
Diffusion models with stage-specificity. Diffusion mod-
els (Sohl-Dickstein et al. 2015; Ho, Jain, and Abbeel 2020;
Song, Meng, and Ermon 2020) have shown remarkable ver-
satility across diverse modalities, including images (Ramesh
et al. 2021; Saharia et al. 2022a), audios (Kong et al. 2020),
texts (Li et al. 2022) and 3D (Woo et al. 2023). Recent ef-
forts to improve stage-specificity in diffusion models have
advanced both architectural and optimization fronts: (1) On
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the architectural front, eDiff-I (Balaji et al. 2022), ERNIE-
ViLG 2.0 (Feng et al. 2023), and RAPHAEL (Xue et al.
2023) introduced the concept of utilizing multiple expert de-
noisers, each tailored to specific noise levels, thereby aug-
menting the model’s capacity. DTR (Park et al. 2023) refined
diffusion model architectures by allocating different chan-
nel combinations for each denoising step. (2) From an opti-
mization perspective, P2 Weight (Choi et al. 2022) and Min-
SNR Weight (Hang et al. 2023) accelerated convergence
by framing diffusion training as a multi-task learning prob-
lem (Caruana 1997), where loss weights are adjusted based
on task difficulty at each timestep. Go et al. (Go et al. 2023)
mitigated learning conflicts of multiple denoising stages by
clustering similar stages based on their signal-to-noise ratios
(SNRs). While these approaches often require training from
scratch or using multiple expert networks—demanding sig-
nificant computational and storage resources—our method
achieves stage-specificity by leveraging a single pre-trained
model without modifying its parameters.
Parameter-efficient Fine-tuning (PEFT) in Diffusion
models. PEFT offers a way to enhance models by tuning
a small number of (extra) parameters, avoiding the need to
retrain the entire model and reducing computational/stor-
age costs (Xiang et al. 2023). This is particularly appealing
given the complexity and parameter-dense nature of diffu-
sion models (Rombach et al. 2022; Peebles and Xie 2022),
where directly training diffusion models from scratch is im-
practical. Recent advancements in this field can be broadly
categorized into three streams: (1) T2i-Adapter (Mou et al.
2023), SCEdit (Jiang et al. 2023), ControlNet (Zhang, Rao,
and Agrawala 2023) and CDMs (Golatkar et al. 2023) uti-
lize adapters (Houlsby et al. 2019; Hu et al. 2021; Chen
et al. 2022) or side-tuning (Zhang et al. 2020; Sung, Cho,
and Bansal 2022) to modify the neural network’s behavior
at specific layers. (2) Textual Inversion (Hertz et al. 2022;
Gal et al. 2022) use a concept similar to prompt tuning (Li
and Liang 2021; Lester, Al-Rfou, and Constant 2021; Jia
et al. 2022; Zhou et al. 2022) that modifies input or textual
representations to influence subsequent processing without
changing the function itself. (3) CustomDiffusion (Kumari
et al. 2023), SVDiff (Han et al. 2023), and DiffFit (Xie et al.
2023) focus on partial parameter tuning (Zaken, Ravfo-
gel, and Goldberg 2021; Xu et al. 2021; Lian et al. 2022),
fine-tuning specific parameters of the neural network, such
as bias terms. These methods have shown success in per-
sonalizing models with new datasets. In contrast, our ap-
proach targets in-domain performance enhancements, im-
proving pre-trained diffusion models using their original
datasets while remaining computationally efficient.1

Diffusion Model Patching (DMP)
We propose DMP, a simple yet effective method to en-
hance already converged diffusion models by leveraging
leveraging stage-specific knowledge during the denoising
process.2 DMP fine-tunes models using their original pre-
training dataset without altering backbone parameters, en-

1More related work is in Appendix of the extended paper.
2See preliminaries in Appendix of the extended paper.
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Figure 3: DMP framework with DiT (Peebles and Xie
2022). DMP adaptively generates optimal prompts for spe-
cific timesteps. It fine-tunes diffusion models using the
original pre-training dataset and operates entirely through
prompt-based tuning in the input space. Our DMP requires
no modifications to the model architecture or training pro-
cess, ensuring seamless integration and efficiency.

abling them to adapt to the nuanced requirements of differ-
ent denoising stages. DMP comprises two key components:
(1) a pool of learnable prompts and (2) a dynamic gating
mechanism. First, a small number of learnable prompts are
attached to the model’s input space. Second, the dynamic
gating mechanism blends prompts dynamically based on the
noise levels of the input image. The overall framework of
DMP is shown in Fig. 3.
Motivation. Each denoising stage involves different levels
of difficulty and goals, depending on the noise level (Choi
et al. 2022; Hang et al. 2023; Go et al. 2023; Park et al.
2023). Prompt tuning (Li and Liang 2021; Lester, Al-Rfou,
and Constant 2021; Jia et al. 2022) assumes that if a pre-
trained model already has sufficient knowledge, carefully
constructed prompts can extract knowledge for a specific
downstream task from the frozen model. Likewise, we hy-
pothesize that pre-trained diffusion models inherently pos-
sess knowledge for all denoising stages. By learning a
mixture-of-prompts specific to each stage, we can patch
models with stage-specific expertise.
Architecture. As our base architecture, we employ
DiT (Peebles and Xie 2022) (a transformer-based model)
and Stable Diffusion (Rombach et al. 2022) (a UNet-based
model), both operating in the latent space. Input images are
processed into latent codes (e.g., 32×32×4 for 256×256×3
images) using a pre-trained VAE (Kingma and Welling
2013). Learnable prompts are then sized to match the in-
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put dimensions (N × D for DiT, H × W × D for Stable
Diffusion).
Learnable prompts. Our goal is to efficiently enhance the
model with denoising-stage-specific knowledge, adjusting
small parameters within the input space. To achieve this, we
start with a pre-trained DiT model as an example for ex-
planation. Firstly, we insert N learnable continuous embed-
dings of dimension D, i.e., prompts, into the input space of
each DiT block. The set of learnable prompts is denoted as:

P = {p(i) ∈ RN×D | i ∈ {0, . . . , L− 1}}. (1)

Here, p(i) denotes the prompts for the i-th DiT block and L
is the total number of DiT blocks. Unlike prior methods (Li
and Liang 2021; Lester, Al-Rfou, and Constant 2021; Jia
et al. 2022; Wang et al. 2022), that prepend prompts to the
input sequence, we directly add them to the input, avoiding
an increase in sequence length and maintaining nearly the
same computation speed as before. Moreover, each prompt
added to the input patch provides a direct signal to help de-
noise specific spatial parts. This design choice allows the
model to focus on different aspects of the input at each
timestep, aiding in specialized denoising steps. The output
of i-th DiT block is computed as:

x(i+1) = Block
(i)
frozen(p

(i)
learn + x(i)), (2)

where only the prompts are updated during training, while
the backbone parameters remain frozen.
Dynamic gating. In Eq. 2, the same prompts are used
throughout the training, thus they will learn denoising-stage-
agnostic knowledge. To patch the model with stage-specific
knowledge, we introduce dynamic gating. This mechanism
blends prompts in varying proportions based on the noise
level of an input image. Specifically, we use a timestep em-
bedding t to represent the noise level at each step of the gen-
eration process. For a given t, the gating network G creates
the stage-specific mask of shape N × 1 used for generating
mixtures-of-prompts, thereby redefining Eq. 2 as:

x(i+1) = Block
(i)
frozen

(
σ(Glearn([t; i]))⊙ p

(i)
learn + x(i)

)
,

(3)
where σ is the softmax function and ⊙ denotes element-wise
multiplication. In practice, G is implemented as a simple lin-
ear layer. It additionally takes the DiT block depth i as in-
put to produce different results based on the depth. This dy-
namic gating mechanism effectively handles varying noise
levels using only a small number of prompts. It also provides
the model with the flexibility to use different sets of prompt
knowledge at different stages of the generation process.

Training
Zero-initialization. We empirically found that random ini-
tialization of prompts disrupts the early training process,
leading to instability and divergence. To ensure stable fur-
ther training of a pre-trained diffusion model, we start
by zero-initializing the prompts. With the prompt addition
strategy that we selected before, zero-initialization prevents
harmful noise from affecting the deep features of neural net-
work layers and preserves the original knowledge at the be-
ginning of training. As training progresses, the model grad-
ually incorporate additional signals from the prompts.

Model #Parameters

DiT-B/2 130M
+ DMP 132.5M (+1.96%)

DiT-L/2 458M
+ DMP 464.5M (+1.43%)

SD v1.5 890M
+ DMP 892M (+0.32%)

Table 1: Parameters. Default image size is 256×256. SD
v1.5 indicates Stable Diffusion v1.5 (Rombach et al. 2022).

Prompt balancing loss. We adopt two soft constraints from
Shazeer et al. (Shazeer et al. 2017) to balance the activation
of mixtures-of-prompts. (1) Load balancing: In a mixture-
of-experts setup (Jacobs et al. 1991; Jordan and Jacobs
1994), Eigen et al. (Eigen, Ranzato, and Sutskever 2013)
noted that once experts are selected, they tend to be consis-
tently chosen. In our setup, the load balancing loss prevents
the gating network G from overly favoring a few prompts
with larger weights and encourages all prompts to uniformly
selected. (2) Importance balancing: Despite having similar
overall load, prompts might still be activated with imbal-
anced weights. For instance, one prompt might be assigned
with larger weights for a few denoising steps, while another
might have smaller weights for many steps. The load bal-
ancing loss ensures that prompts are activated with similar
overall importance across all denoising steps.3
Prompt efficiency. Table 1 presents the model parameters
for various versions of the DiT architecture (Peebles and Xie
2022) ranging from DiT-B/2 to DiT-L/2 (where “2” denotes
the patch size K) and Stable Diffusion v1.5 with and with-
out the DMP. Assuming a fixed 256×256 resolution, using
the DMP increases DiT-B/2 parameters by 1.96%. For the
largest model, Stable Diffusion v1.5, the use of DMP results
in a 0.3% increase to 892M parameters. The proportion of
DMP parameters to total model parameters decreases as the
model size increases, allowing for tuning only a small num-
ber of parameters compared to the entire model.

Experiments
We evaluate the effectiveness of DMP on various image
generation tasks using already converged pre-trained dif-
fusion models. Unlike conventional fine-tuning or prompt
tuning, the original dataset from the pre-training phase is
used for further training. We evaluated image quality using
FID (Heusel et al. 2017) score, which measures the distance
between feature representations of generated and real im-
ages using an Inception-v3 model (Szegedy et al. 2016). 4

Datasets & Tasks. We used three datasets for our experi-
ments: (1) FFHQ (Karras, Laine, and Aila 2019) (for uncon-
ditional image generation) contains 70,000 training images
of human faces. (2) MS-COCO (Lin et al. 2014) (for text-
to-image generation) includes 82,783 training images and
40,504 validation images, each annotated with 5 descrip-

3For further details about prompt balancing loss, see Appendix.
4Implementation details are in Appendix of the extended paper.
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Resolution (256× 256) FFHQ

Model FID↓
Pre-trained (iter: 600K)

DiT-B/2 6.27

Further Training (iter: 30K)
+ Fine-tuning 6.57(+0.30)

+ Prompt tuning 6.81(+0.54)

+ DMP 5.87(-0.40)

Resolution (256× 256) COCO

Model FID↓
Pre-trained (iter: 450K)

DiT-B/2 7.33

Further Training (iter: 40K)
+ Fine-tuning 7.51(+0.18)

+ Prompt tuning 7.37(+0.04)

+ DMP 7.12(-0.21)

Resolution (512× 512) Laion5B

Model FID↓
Pre-trained (iter: 1.5M)

Stable Diffusion v1.5 47.18

Further Training (iter: 50K)
+ Fine-tuning 52.99(+5.81)

+ Prompt tuning 35.93(−11.25)

+ DMP 35.44(-11.74)

Table 2: Evaluating pre-trained diffusion models with different further training methods. Importantly, we use the same
dataset as in the pre-training for further training. We set two baselines for comparison: (1) full fine-tuning to update the entire
model parameters. (2) naive prompt tuning (Lester, Al-Rfou, and Constant 2021) (equivalent to Eq. 2). ↓: The lower the better.

FFHQ 256× 256 Further training iterations

DiT-L/2 (iter: 250K) +0K +10K +20K +30K +40K +50K

+ Fine-tuning 6.26 6.32 6.53 6.64 6.73 6.80(+0.54)

+ Prompt tuning 6.26 6.30 6.36 6.40 6.42 6.51(+0.25)

+ DMP 6.26 5.88 5.72 5.67 5.64 5.61(−0.65)

Table 3: Comparison of further training techniques
across iterations on FFHQ 256×256.

tive captions. (3) Laion5B (Schuhmann et al. 2022) (for Sta-
ble Diffusion) consists of 5.85B image-text pairs, which is
known to be used to train Stable Diffusion (Rombach et al.
2022).

Comparative Study
Effectiveness of DMP. In Tab. 2, we compare DMP
against two further training baselines – (1) full fine-tuning
and (2) naive prompt tuning (Lester, Al-Rfou, and Constant
2021) (equivalent to Eq. 2) – across various datasets for un-
conditional/conditional image generation tasks. We employ
pre-trained DiT models (Peebles and Xie 2022) that have al-
ready reached full convergence as our backbone. To ensure
that the observed enhancement is not due to cross-dataset
knowledge transfer, we further train the models using the
same dataset used for pre-training. As expected, fine-tuning
does not provide additional improvements to an already con-
verged model in all datasets and even result in overfitting.
Naive prompt tuning also fails to improve performance in
almost datasets and instead lead to a decrease in perfor-
mance. DMP enhances the FID across all datasets with only
30∼50K iterations, enabling the model to generate images
of superior quality. This indicates that the performance gains
achieved by DMP are not merely a result of increasing pa-
rameters, but rather from its novel mixture-of-prompts strat-
egy. This strategy effectively patches diffusion models to op-
erate slightly differently at each denoising step. Moreover,
the significant improvement on Stable Diffusion v1.5 (Rom-
bach et al. 2022) with Laion5B (Schuhmann et al. 2022)
demonstrates DMP’s expandability to different architectures
and resolutions.

case FID↓
attention 6.41
linear 5.87

(a) Gating
architecture

case FID↓
hard 5.96
soft 5.87

(b) Gating
type

case FID↓
uniform 5.97
distinct 5.87

(c) Prompt
selection

case FID↓
prepend 6.79
add 5.87

(d) Prompt position

depth 0 1 6 12
FID↓ 6.27 6.13 5.99 5.87

(e) Prompt depth
importance 0 0 1 1 2 1
load 0 1 0 2 1 1
FID↓ 6.11 5.96 5.97 5.95 5.95 5.87

(f) Prompt balancing loss

Table 4: DMP ablations. DiT-B/2 (Peebles and Xie 2022)
pre-trained on FFHQ 256×256 (Karras, Laine, and Aila
2019) is further trained for 30K iterations with DMP (Base-
line FID = 6.27). ↓: The lower the better.

Effects across training iterations. In Tab. 3, further train-
ing of a DiT-L/2 model reveals interesting dynamics. First,
fine-tuning fails to increase performance beyond its already
converged state and even tends to overfit, leading to per-
formance degradation. We also found that prompt tuning,
which uses a small number of extra parameters, actually
harms performance, possibly because these extra parameters
act as noise in the model’s input space. In contrast, DMP,
which also uses the set of parameters as prompt tuning, sig-
nificantly boosts performance. The key difference between
them lies in the use of a gating function: prompts are shared
across all timesteps, while DMP activates prompts differ-
ently for each timestep. This distinction allows DMP, with
a fixed number of parameters, to scale across thousands
of timesteps by creating mixtures-of-prompts. By patching
stage-specificity into the pre-trained diffusion model, DMP
achieves a 10.38% FID gain in just 50K iterations.

Design Choices
Gating architecture. Our DMP framework incorporates a
dynamic gating mechanism to select mixture-of-prompts.
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Figure 4: Prompt activation. Brighter indicates stronger.

We compare the impact of two gating architectures in Tab.
4a: linear gating vs. attention gating. The linear gating uti-
lizes a single linear layer, taking a timestep embedding as in-
put to produce a weighting mask for each learnable prompt.
On the other hand, attention gating utilizes an attention
layer (Vaswani et al. 2017), treating learnable prompts as a
query and timestep embeddings as key and value, resulting
in weighted prompts directly. Upon comparing the two gat-
ing architectures, we found that linear gating achieves better
FID (5.87) compared to attention gating (6.41). As a result,
we adopt linear gating as our default setting.
Gating type. In Tab. 4b, we evaluate two design choices for
creating mixture-of-prompts: hard vs. soft selection. With
hard selection, we choose the top-192 prompts out of 256
prompts (75% of total prompts) based on the gating proba-
bilities, using them only with a weight of 1.

Whereas, soft selection uses all prompts but assigns dif-
ferent weights to each. Soft selection leads to further im-
provement, whereas hard selection results in worse perfor-
mance. Therefore, we set the soft selection as our default
setting.
Prompt selection. By default, DMP inserts learnable
prompts into the input space of every blocks in the diffu-
sion model. Two choices arise in this context: (1) uniform:
gating function G in Eq. 3 receives only the timestep embed-
ding t as input and applies common weights to the prompts
at every block, thus prompt selection is consistent across all
blocks. (2) distinct: G processes not only t but also current
block depth i as inputs, generating different weights for each
block. As shown in Tab. 4c, using distinct prompt selections
leads to enhanced performance. Therefore, we input both the
timestep embedding and current block depth information to
the gating function, enabling the distinct prompt combina-
tions for each block depth as our default setting.
Prompt position. While previous prompt tuning ap-
proaches (Li and Liang 2021; Lester, Al-Rfou, and Constant
2021; Jia et al. 2022; Zhou et al. 2022; Wang et al. 2022)
typically prepend learnable prompts to image tokens, we di-
rectly add prompts element-wise to image tokens to main-
tain the input sequence length. Table 4d ablates different
choices for inserting prompts into the input space and their
impact on performance. We compare two methods: prepend
vs. add. For “add”, we use 256 prompts to match the number
of image tokens, and for “prepend”, we utilize 50 prompts.
Although ”prepend” should ideally use 256 tokens for a fair
comparison, we limit it to 50 tokens due to severe diver-

gence, even when both methods are equally zero-initialized.
The results show that “add” method improves performance
with a stable optimization process, achieving a 5.87 FID
compared to the baseline of 6.27 FID. On the other hand,
the “prepend” leads to a drop in performance, with an FID of
6.79. Additionally, “add” has the advantage of not increas-
ing computation overhead. Based on these findings, we set
“add” as our default for stable optimization.
Prompt depth. To investigate the impact of the number of
blocks in which prompts are inserted, we conduct an ab-
lation study using the DiT-B/2 model, which comprises 12
DiT blocks. We evaluate the performance differences when
applying mixtures-of-prompts at various depths in Tab. ??:
only at the first block, up to half of the blocks, and across
all blocks. Regardless of the depth, performance consis-
tently improves compared to the baseline with no prompts
(FID=6.27). Our findings indicate a positive correlation be-
tween prompt depth and performance, with better results
achieved using mixture-of-prompts across more blocks. The
prompts selected for each block are illustrated in Fig. 4.
Prompt balancing. Prompt balancing loss acts as a soft
constraint for the gating function, mitigating biased selec-
tions of prompts when producing a mixture-of-prompts. We
study the impact of two types of balancing losses by alter-
ing the coefficient values for load balancing loss and im-
portance balancing loss. As shown in Tab. 4f, using both
types of losses equally enables the diffusion model to reach
its peak performance. This indicates that balancing both the
number and weight of the activated prompts across differ-
ent timesteps is crucial for creating an effective mixture-
of-prompts. Consequently, we employ equal proportions of
importance balancing and load balancing losses for prompt
balancing.

Analysis
Prompt activation. The gating function plays a pivotal role
in dynamically crafting mixtures-of-prompts from a set of
learnable prompts, based on the noise level present in the
input. This is depicted in Fig. 4, where the activation is visu-
ally highlighted using colors. As the denoising process pro-
gresses, the selection of prompts exhibits significant varia-
tion across different timesteps. At higher timesteps with high
noise levels, the gating function tends to utilize a broader ar-
ray of prompts. Conversely, at lower timesteps, as the noise
diminishes, the prompts become more specialized, focusing
narrowly on specific features of the input that demand closer
attention. This strategic deployment of prompts allows the
model to form specialized ”experts” at each denoising step,
catering to the specific needs dictated by the input’s noise
characteristics and enhancing the model’s performance.
Qualitative analysis. Figure 5 presents a visual compari-
son between three methods: the baseline DiT model, prompt
tuning (Lester, Al-Rfou, and Constant 2021), and our DMP.
These methods are evaluated on unconditional, text-to-
image generation tasks using FFHQ (Karras, Laine, and Aila
2019) and COCO (Lin et al. 2014), respectively. DMP gen-
erates realistic and natural images with fewer artifacts.
Additional results and analysis. Appendix provides a the-
oretical grounding of DMP, experiments on training diffu-
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(b) Text-to-Image Generation on MS-COCO (Lin et al. 2014)

Figure 5: Qualitative comparison among the baseline (DiT-B/2 (Peebles and Xie 2022)), naive prompt tuning (PT), and DMP
applied to the baseline on two datasets: (a) FFHQ and (b) MS-COCO.

sion models from scratch with DMP, applying DMP on DiT-
XL/2, comparisons with LoRA (Hu et al. 2021), and abla-
tions of gating conditions. It also examines the structural
bias of DMP and provides additional qualitative results.

Conclusion
We introduced Diffusion Model Patching (DMP), a sim-
ple method for further enhancing pre-trained diffusion mod-
els that have already converged. By incorporating learnable
prompts and leveraging dynamic gating, DMP adapts the
model’s behavior dynamically across thousands of denois-

ing steps. This design enables DMP to effectively address
the timestep-specific variations in each denoising stage,
which are often overlooked in existing diffusion models.
Our results demonstrate that DMP achieves significant per-
formance gains without the need for extensive retraining.
For the DiT-L/2 backbone, DMP improves a 10.38% of FID
after just 50K iterations, with a minor parameter increase
of 1.43% on the FFHQ 256×256 dataset. Additionally, its
adaptability across different models underscores its poten-
tial as a versatile enhancement method for diffusion models.
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