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Fig. 1: (Top) Samples from 4-step vanilla DMD and our GNDM, and (Bottom) samples
from 4-step DMDR and our GNDMR, based on SD3. Our method achieves better
perceptual fidelity with fewer artifacts and better details.

Abstract. Diffusion models achieve state-of-the-art generative perfor-
mance but are fundamentally bottlenecked by their slow, iterative sam-
pling process. While diffusion distillation techniques enable high-fidelity,
few-step generation, traditional objectives often restrict the student’s
performance by anchoring it solely to the teacher. Recent approaches
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have attempted to break this ceiling by integrating Reinforcement Learn-
ing (RL), typically through a simple summation of distillation and RL ob-
jectives. In this work, we propose a novel paradigm by re-conceptualizi-
ng distribution matching as a reward, denoted as Rdm. This uni-
fied perspective bridges the algorithmic gap between Diffusion Match-
ing Distillation (DMD) and RL, providing several primary benefits: (1)
Enhanced Optimization Stability: We introduce Group Normalized
Distribution Matching (GNDM), which adapts standard RL group nor-
malization to stabilize Rdm estimation. By leveraging group-mean statis-
tics, GNDM establishes a more robust and effective optimization direc-
tion. (2) Seamless Reward Integration: Our reward-centric formula-
tion inherently supports adaptive weighting mechanisms, allowing for the
fluid combination of DMD with external reward models. (3) Improved
Sampling Efficiency: By aligning with RL principles, the framework
readily incorporates Importance Sampling (IS), leading to a significant
boost in sampling efficiency. Extensive experiments demonstrate that
GNDM outperforms vanilla DMD, reducing the FID by 1.87. Further-
more, our multi-reward variant, GNDMR, surpasses existing baselines by
striking an optimal balance between aesthetic quality and fidelity, achiev-
ing a peak HPS of 30.37 and a low FID-SD of 12.21. Ultimately, Rdm pro-
vides a flexible, stable, and efficient framework for real-time, high-fidelity
synthesis. Code is available at: https://github.com/Flq2002/Rdm.

Keywords: Diffusion Models · Distribution Matching Distillation · Re-
inforcement Learning

1 Introduction

Diffusion models [5,10,30,32,37] have established a new state-of-the-art in gen-
erative modeling, but they are fundamentally limited by their iterative sam-
pling process, which incurs significant computational overhead. To achieve high-
fidelity, real-time synthesis, researchers have explored various distillation strate-
gies [25, 27, 33, 36, 44, 45, 47]. Among these, Distribution Matching Distillation
(DMD) [44,45] has been widely adopted due to its exceptional ability to enable
high-fidelity generation in just one or a few steps.

However, traditional distillation objectives inherently bottleneck the perfor-
mance of student models, as the optimization target is derived exclusively from
a pretrained teacher [12, 22]. To break this performance ceiling, recent stud-
ies [11, 12, 24] have integrated Reinforcement Learning (RL) with diffusion dis-
tillation. However, these approaches typically rely on a naive linear combina-
tion of RL objectives and distillation losses. Departing from these paradigms, we
adopt a fundamentally different perspective: re-conceptualizing distribution
matching as a reward. This formulation allows the distillation objective to be
seamlessly integrated and jointly optimized with task-specific rewards within a
unified reward framework, as illustrated in Fig. 2.

Building upon this conceptual shift, we formally define distribution matching
as Rdm. This transition reveals a critical challenge: as image noise increases, the

https://github.com/Flq2002/Rdm
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Fig. 2: Our unified reward framework GNDMR. After re-conceptualizing distribution
matching as a reward, Rdm and other rewards perform GRPO simultaneously.

variance of Rdm amplifies significantly. This escalating variance destabilizes the
estimated optimization direction and leads to inefficient training, a phenomenon
we analyze in Sec. 4.2. To mitigate this, we draw inspiration from established RL
practices and introduce Group Normalization (GN) to provide a stabilized, supe-
rior optimization gradient, resulting in Group Normalized Distribution Matching
(GNDM). Moreover, framing DMD strictly as a reward maximization problem
unlocks several critical advantages when integrating with other rewards: First,
Rdm naturally informs the design of an effective adaptive weighting function
to balance multiple objectives. Second, it seamlessly incorporates Importance
Sampling (IS), which significantly improves sampling efficiency during training.
Most importantly, this paradigm shift effectively constructs a algorithmic bridge
between diffusion distillation and the broader RL ecosystem. We can now ef-
fortlessly leverage established RL techniques [6, 19, 20, 35] to further refine the
distillation process under a single, unified mathematical umbrella.

Our contributions are summarized as follows:

– We propose Rdm, which natively incorporates powerful RL techniques into
the diffusion distillation pipeline. This unification resolves the optimization
conflicts inherent in prior joint-training methods and enables more intuitive
control over training dynamics.

– We introduce Group Normalized Distribution Matching (GNDM) to provide
high-fidelity directional guidance and propose a unified reward framework
(GNDMR) to holisticlly optimize the distillation process.

– We conduct extensive experiments demonstrating that GNDM achieves su-
perior distillation performance over vanilla DMD. Furthermore, our unified
GNDMR framework surpasses existing baselines and yields a highly optimal
balance between visual aesthetics and distillation efficiency.
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2 Related Work

Distribution Matching Distillation. Distribution Matching Distillation (DMD)
[45] is a foundation work that applies score-based distillation to large-scale diffu-
sion models. A lot of follow-up work emerged to enhance its stability, theoretical
grounding, and generation quality. DMD2 [44] integrates a GAN loss to eliminate
the reliance on costly paired regression data. Flash-DMD [4] designs a timestep-
aware strategy and incorporates pixel-GAN to achieve faster convergence and
stable distillation. While numerous works need GAN to achieve better perfor-
mance, TDM [26] combines trajectory distillation and distribution matching for
better alignment and eliminates GAN. Decoupled DMD [18] mathematically de-
composes the DMD objective, revealing that Classifier-Free Guidance (CFG)
augmentation acts as the primary generative engine while distribution matching
serves as a regularizer, enabling optimized decoupled noise schedules. DMDR [12]
combines DMD with RL, utilizing the distribution matching loss as a regulariza-
tion mechanism to safely allow the student generator to explore and ultimately
outperform the teacher.
Reinforcement Learning for Diffusion Models. Reinforcement learning
(RL) has been widely adopted to align diffusion models with human preferences.
Various algorithms have been developed for this purpose: ReFL [43] achieves
strong performance but inherently relies on differentiable reward models, whereas
Direct Preference Optimization (DPO) [38] optimizes the policy using pairwise
data. Alternatively, Denoising Diffusion Policy Optimization (DDPO) [2] re-
quires only a scalar reward, a process that Group Relative Policy Optimization
(GRPO) [19] further simplifies by eliminating the critic model via group nor-
malization. Applying RL to distilled diffusion models is typically treated as an
independent post-training phase: Pairwise Sample Optimization (PSO) [28] first
adapted policy optimization for distilled models, and Hyper-SD [31] incorpo-
rated human feedback to further boost accelerated generation. Breaking away
from decoupled training, DMDR [12] introduced the first framework to simul-
taneously optimize both DMD and RL objectives. Our proposed method is also
built upon the DMDR1 framework.

3 Preliminaries

3.1 Distribution Matching Distillation

The goal of Distribution Matching Distillation (DMD) [45] is to distill a multi-
step diffusion model (teacher) into a high-fidelity, few-step generator (student)
Gθ. The primary objective of DMD is Distribution Matching Loss (DML), which
minimizes the reverse-KL divergence between the teacher’s distribution preal and
student’s distribution pfake. The gradient of DML is:

∇θLDMD = −Eε,t′ (sreal(xt′)− sfake(xt′))∇θGθ(ε), (1)

1 We discuss only the GRPO-based variant of DMDR.
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where ε ∼ N (0, I), t′ ∼ U(Tmin, Tmax) and x′t is the diffused sample obtained by
injecting noise into x0 = Gθ(ε) at diffused time step t′. sreal and sfake are score
functions given by score estimator µreal and µfake. During training, µfake with
parameter ψ is initialized with µreal, and updating to track the distribution of
Gθ through denoising diffusion objective:

Ldenoise = ||µψfake(xt′ , t
′)− x0||22. (2)

In few-step generation training, Gθ(ε) is revised by backward simulation as in-
troduced from DMD2 [44]. We follow SDE-based inference methods, starting
from Standard Gaussian noise, it iteratively perform denoising x̂0|t = Gθ(xt)
and noising xt−1 = αt−1x̂0|t + σt−1ε. Thus, we have:

pθ(xt−1|xt) = N (αt−1Gθ(xt), σ
2
t−1I), (3)

and we can redefine the gradient of one-step DML in Eq. (1) to multi-step DML:

∇θLDMD = −Et′,xt∼Gθ
(sreal(xt′)− sfake(xt′))∇θGθ(xt) (4)

3.2 Denoising Diffusion Policy Optimization

Following Denoising Diffusion Policy Optimization (DDPO) [2], we map the
denoising process to the following multi-step Markov decision process (MDP):

st ≜ (t, xt, c), π(at | st) = pθ(xt−1 | xt, c), P (st+1 | st, at) ≜
(
δc, δt−1, δxt−1

)
,

at ≜ xt−1, ρ0(s0) ≜
(
c, δT ,N (0, I)

)
, R(st, at) ≜

{
r(x0, c), t = 0,

0, otherwise.

Where δx is Dirac delta distribution and T denoted the length of sampling
trajectories.

After collecting denoising trajectories {xT , xT−1, ..., x0} and likelihoods log pθ,
we can use policy gradient estimator depicted in REINFORCE [29,41] to update
parameter θ via gradient descent:

∇θJDDPO = E

[
r(x0)

T∑
t=1

∇θ log pθ(xt−1 | xt)

]
, (5)

To overcome the limitation where optimization is confined to one step per sam-
pling round due to the on-policy requirement of the gradient, we utilize an im-
portance sampling estimator [13]. This formulation facilitates multi-step opti-
mization by reweighting gradients from trajectories produced by θold:

∇θJDDPOIS = E

[
r(x0)

T∑
t=1

pθ(xt−1 | xt)
pθold(xt−1 | xt)

∇θ log pθ(xt−1 | xt)

]
(6)
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In this context, the expectation is taken with respect to the denoising sequences
generated under the previous parameter set θold.

Note that for ease of observation we omit the condition c in all formulas.
Eq. (5) is similar in form to Eq. (4), which inspires us to regard term (sreal−sfake)
as a reward.

4 Methodology

4.1 Rdm: Distribution Matching as a Reward

The key to establishing the connection between Eq. (4) and Eq. (5) is uncovering
the relationship between ∇θGθ(xt) and ∇θ log pθ(xt−1|xt), which are intrinsically
linked through Eq. (3). By taking the log-derivative of Eq. (3), we obtain the
following identity:

∇θ log p(xt−1 | xt) =
xt−1 − µθ(xt)

σ2
t−1

· ∇θµθ(xt) (7)

where µθ(xt) = αt−1Gθ(xt). Consequently, if we set

Rdm(xt, xt−1, t
′) =

sreal(xt′)− sfake(xt′)

xt−1 − µθ(xt)
·
σ2
t−1

αt−1
, (8)

the relationship between the ∇θGθ(xt) and ∇θ log pθ(xt−1|xt) can be formulated
as:

Rdm(xt, xt−1, t
′)∇θ log pθ(xt−1|xt) = (sreal(xt′)− sfake(xt′))∇θGθ(xt).

We define the policy gradient objective function for the distillation-based policy
as:

∇θJDDPODM = Et′,xt∼Gθ
[Rdm(xt, xt−1, t

′)∇θ log p(xt−1|xt)] , (9)

Comparing to Eq. (5), we use only one sample from the trajectory instead of all
samples, ensuring consistency with the traditional DML as in Eq. (4). Finally,
We have ∇θJDDPODM = −∇θLDMD strictly established.

4.2 Revisiting the Distribution Matching Reward

Next, we further explore the meaning of our new-defined distribution matching
reward Rdm. By substituting xt−1−µθ(xt) = σt−1ε

x (εx is the standard gaussian
noise which sampled to obtain xt−1), we can rewrite Eq. (8) as

Rdm(t, t′) = Rs(t
′) · σt−1

αt−1εx
, (10)

where Rs(t′) := sreal(xt′)− sfake(xt′).
The vector Rs(t′) functions as the critical guidance term that drives the gen-

eration of Gθ toward the manifold of preal and away from pfake.
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Fig. 3: Larger diffused
timesteps, higher score
variance.

However, Rs(t′) fluctuates across diffused samples xt′
at timesteps t′. Specifically, as t′ increases, the dif-
fused sample xt′ becomes increasingly blurred, result-
ing in more ambiguous directional information pro-
vided by Rs(t

′), as shown in Fig. 3. Although recent
works leverage the sample weighting mechanisms in-
troduced by DMD [45] to enhance stability and fi-
delity, the variance of Rs(t′) is higher at larger values
of t′, which can mislead the optimization trajectory,
thereby increasing the difficulty of effective model dis-
tillation. Further analysis in Sec. 5.3.

Beyond the optimization challenges posed by the
high variance at larger timesteps, the fundamental ob-
jective of the distribution matching reward Rdm diverges significantly from stan-
dard RL paradigms. Unlike conventional reward metrics such as HPS [42] or
CLIP Score [8], where unbounded maximization often exacerbates reward hack-
ing, Rdm essentially acts as a divergence measure that is optimized to approach
zero. This stabilization dynamic is conceptually analogous to PREF-GRPO [40],
where win-rate converges to 0.5. This fundamental shift from absolute maximiza-
tion to distribution alignment introduces a critical advantage: Rdm provides an
inherent safeguard against over-optimization, and it is a well-defined reward for
regularization.

4.3 Group Normalized Distribution Matching

After re-concepting the distribution matching as a reward, we aim to address the
inaccurate estimation issue in the calculation of Rs(t′). As Group Normalization
(GN) on Rdm allows for a more stable estimation of the reward direction by the
mean-subtraction mechanism, we naturally extend Rdm to a GRPO setting.

Recall the MDP formulation defined in Sec. 3.2. The generator Gθ sam-
ples a groups of G individual images {xi0}Gi=1 and the corresponding trajectories
{(xiT , xiT−1, ..., x

i
0)}Gi=1. The advantage of i-th sample at trajectory step t and

diffused timestep t′ is

Ai,t
′

dm,t =
Rdm(xit, x

i
t−1, t

′)− mean({Rdm(xit, x
i
t−1, t

′)}Gi=1)

std({Rdm(xit, x
i
t−1, t

′)}Gi=1)
. (11)

The policy is updated by maximizing the Group Normalized Distribution Match-
ing (GNDM) objective:

JGNDM(θ) = Et,t′,{xi}G
i=1∼Gθold

[f(r,Adm, θ, η)] , (12)
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where

f(r,Adm, θ, η) =
1

G

G∑
i=1

min
(
rit(θ)A

i,t′

dm,t, clip
(
rit(θ), 1− η, 1 + η

)
Ai,t

′

dm,t

)
, (13)

rit(θ) =
pθ(x

i
t | xit−1)

pθold(x
i
t | xit−1)

.

In each group, we share the generator timestep t and diffused timestep t′, sepa-
rately. It maximizes component diversity while ensuring consistency within the
group. We prove it is effective in ablation study Sec. 5.3. Furthermore, we intro-
duce importance sampling in Eq. (12). Since the denoising transition is Gaussian,
the likelihood ratio rit(θ) is available in closed form, allowing the generator to be
updated multiple times from the same sampled trajectories. This reuse of trajec-
tories improves sampling efficiency while maintaining performance, as discussed
in Sec. 5.2.

4.4 GNDM with Other Rewards

To further improve the generative quality and alleviate mode seeking, following
DMDR [12], we introduce other reward Ro in addition to the Rdm. As the same
to Eq. (11), We employ GN to Ro:

Aio,t =
Ro(x

i
0)− mean({Ro(x

i
0)}Gi=1)

std({Ro(xi0)}Gi=1)
. (14)

Unlike Ai,t
′

dm,t, which is calculated as a dense reward on latent trajectory, Aio,t is
calculated as a sparse reward on final image.

The total advantage of i-th sample Aisum,t at generation time t can be de-
fined as the combination of the DM-derived advantage Ai,t

′

dm,t and K auxiliary
advantages Aioj ,t:

Aisum,t = Ai,t
′

dm,t +

K∑
j=1

wjA
i
oj ,t, (15)

where wj is the weighting function for j-th auxiliary reward. The final GRPO
objective with multi-rewards is:

JGNDMR(θ) = Et,t′,{xi}G
i=1∼Gθold

[f(r,Asum, θ, η)] . (16)

4.5 Adaptive Weight Design in Practical Implementation

In practice, the term xt−1 − µθ(xt) introduces significant stochasticity and po-
tential numerical instability, as xt−1 is obtained by adding gaussian noise from
µθ(xt). To address this, we define a stabilized reward term Rdm by applying a
sign-based normalization to the denominator to guarantee positive correlation.
We also consider the weighting function proposed by DMD [45], as we found it
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can improve distillation efficiency. The final distillation matching reward can be
defined as

Rdm(xt, xt−1, t
′) =

sreal(xt′)− sfake(xt′)

sign(xt−1 − µθ(xt))

CS

||µreal(xt′ , t′)− x̂0|t||1
, (17)

where sign(x) = 1 if x > 0, and −1 otherwise. C and S is the number of channels
and spatial locations, respectively. After applying GN towards Rdm, we multiply
the scalar wdm with Adm to maintain the original amplitude:

wdm,t =
1

|xt−1 − µθ(xt)|+ ϵ

σ2
t−1

αt−1
. (18)

This formulation ensures a stable optimization signal by reducing the variance
inherent in the raw sampling residuals.

When incorporating other rewards, we found that multiplying the adaptive
weight βdm,t based on wdm,t can effectively improve the target score without
collapsing by keeping their amplitudes consistent:

βdm,t =
||wdm,t||1
CS

. (19)

As wdm,t is pixel-wise, we keep it consistent with the other rewards’ dimensions
by averaging them out in the sample dimension. Intuitively, this treats the non-
score terms in Eq. (10) as a dynamic magnitude-matching coefficient, so the
auxiliary reward gradient stays on the same scale as the distribution-matching
update during training. As discussed in Sec. 5.3, βdm,t shows significance on both
DMDR and GNDMR. Finally, we rewrite Eq. (15) with designed weight as

Aisum,t = wdm,tA
i,t′

dm,t + βdm,t
∑
j

wjA
i
oj ,t. (20)

Algorithm 1 outlines the final training procedure. Additional details are provided
in the supplementary materials.

5 Experiments

Experiment Setting. The distillation is conducted on the LAION-AeS-6.5+
[34] solely with its prompts. We use DFN-CLIP [7] and HPSv2.1 [42] as reward
models by default, where HPS represents aesthetic quality and CLIP captures
image-text alignment, jointly guiding DMD toward more diverse and seman-
tically aligned modes. Meanwhile, to reduce sampling overhead, we propose a
variant termed GNDMR-IS, which updates the generator twice for each sam-
pling by importance sampling estimator. The trained distilled models are all
flow-based [17, 21] and support inference on stochastic sampling [23]. We also
consider cold start strategy for faster and stable convergence [12], more experi-
ment details can be found in the supplementary materials.
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Algorithm 1: GNDMR training procedure
1 Pretrained real diffusion model µreal, number of prompts N , number of

generated samples per prompt M (group size), number inference timesteps T .
Distilled generator Gθ.

// Initialize generator and fake score estimators from pretrained model
2 Gθ ← copyWeights(µreal), µfake ← copyWeights(µreal)
3 while train do

// Sample trajectories
4 Sample a batch of prompts Q = {q1, q2, . . . , qN}
5 for each q ∈ Q do
6 Sample a group of M trajectories {(xi

T , x
i
T−1, ..., x

i
0)}Mi=1

// Update fake score estimation model
7 Sample generated timesteps t and diffused timesteps t′

8 xt′ = forwardDiffusion(stopgrad(Gθ(xt)),t′)
9 Ldenoise = denoisingLoss(µfake(xt′ , t

′), stopgrad(Gθ(xt))) // Eq. (2)
10 µfake = update(µfake, Ldenoise)

// Compute rewards and advantages
11 for each q ∈ Q do
12 Sample generated timesteps t and diffused timesteps t′

13 for i = 1 to M do
14 Ri

dm = Rdm(xi
t, x

i
t−1, t

′), Ri
o = RM(xi

0) // Eq. (17)
15 Ai,t′

dm,t = GN(Ri
dm), Ai

o,t = GN(Ri
o) // Eq. (11), Eq. (14)

16 Ai
sum,t = weightedAdd(Ai,t′

dm,t, A
i
o,t) // Eq. (20)

// Update generator
17 for train generator loop do
18 Use the same generated timesteps t when compute rewards
19 JGNDMR(θ) = GRPOLoss(Asum, rt(θ)) // Eq. (16)
20 Gθ = update(Gθ, JGNDMR(θ))

Evaluation Metrics. To comprehensively evaluate our approach, we adopt a di-
verse set of metrics. Fine-grained image-text semantic alignment is measured via
the Human Preference Score (HPS) v2.1 [42], while PickScore (PS) [15] gauges
overall aesthetic quality and perceptual appeal. To capture broader nuances of
human judgment such as object accuracy, spatial relations, and attribute bind-
ing, we incorporate the recently proposed Multi-dimensional Preference Score
(MPS) [46]. Beyond perceptual assessments, CLIP Score (CS) [7] and FID [9]
serve to quantitatively verify distillation effectiveness. We also compute FID-
SD [39] by comparing the outputs of all baselines against images generated by
the original pre-trained diffusion models.
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5.1 Comparison with State-Of-The-Art (SOTA)

We validate the text-to-image generation performance in both aesthetics align-
ment and distillation efficiency on 10K prompts from COCO2014 [16] follow-
ing the 30K split of Karpathy [14]. We compare our 4-step generative mod-
els GNDMR and its variant GNDMR-IS (update 2 times generator per sam-
pling by importance sampling strategy) against SD3-Medium [5] and SD3.5-
Medium [1], as well as other open-sourced SOTA distillation models. We repro-
duced DMD2 [44], as it serves as the foundational distribution-based model in
this domain. Additionally, we implemented DMDR (with GRPO) [12], a pioneer
method within the same category. To further evaluate our model’s performance
against RL techniques directly applied to the teacher model, we extended the
application of Flow-GRPO [19] to the base model, positioning this as the ceiling
of RL performance in this context.
Quantitative Comparison. As shown in Tab. 1, our quantitative analysis
highlights the superiority of GNDMR across three key dimensions. Regarding
Aesthetics Alignment, on both SD3 and SD3.5, GNDMR consistently outper-
forms existing 4-step models. It surpasses the teacher and achieves comparable
aesthetic performance to this Flow-GRPO optimized model, underscoring the ef-
ficacy of our alignment formulation. Furthermore, it enables Highly Efficient,
Data-Free Distillation. Operating without external image datasets, GNDMR
achieves a strictly lower FID than the data-free DMDR baseline on both SD3
and SD3.5. For SD3, its remarkably low FID-SD indicates accurate teacher dis-
tribution matching without the aesthetic degradation seen in Hyper-SD, striking
a superior balance between visual quality and distribution fidelity. Finally, our
framework delivers Reduced Training Cost, the GNDMR-IS variant halves
training expenses while maintaining highly competitive alignment, demonstrat-
ing the accelerated convergence and resource efficiency of our paradigm.
Qualitative Comparison. As shown in Fig. 4, GNDMR consistently achieves
superior aesthetic quality, exhibiting richer details, enhanced color vibrancy, and
stronger prompt alignment across diverse styles. Furthermore, our method signif-
icantly mitigates the visual artifacts prevalent in DMDR outputs. Our GNDMR
demonstrates an optimal balance between high aesthetic appeal and clean image
synthesis.

5.2 Importance Sampling Correction

One significant advantage of treating distribution matching as a reward is the
ability to leverage the Importance Sampling (IS) estimator [13]. This enables
multi-step updates for the student model from a single sampling iteration, effec-
tively addressing the high sample demand typically associated with Reinforce-
ment Learning (RL). Our experiments, conducted on SD3-Medium (512×512),
employ HPSv2.1 as an auxiliary reward and report HPSv2.1 on HPDv2 test
prompts [42].

As illustrated in Fig. 5a, while increasing the batch size (e.g., from 16× 8 to
32× 16) enhances reward optimization per training step, it substantially raises
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Table 1: Comparison against state-of-the-art methods. * denotes our reproduced re-
sults. Img-Free represents whether the training requires external image data. Cost
refers to the product of sample size and sampling iterations. The best results are marked
in red , second-best in orange .

Method NFE Res. Img-Free HPS↑ PS ↑MPS↑ CS↑ FID↓ FID-SD↓ Cost↓

Stable Diffusion 3 Medium Comparison

Base Model (CFG=7) 50 1024 - 29.00 22.72 12.10 38.86 24.48 - -
Flow-GRPO [19]* (CFG=7) 50 1024 - 30.35 22.90 12.56 38.52 26.63 12.39 -
Hyper-SD [31] (CFG=5) 8 1024 ✗ 27.20 21.90 11.22 37.76 26.94 10.09 -
LCM [23] 4 1024 ✗ 27.76 22.31 11.61 36.97 27.71 15.90 -
DMD2 [44]* 4 1024 ✗ 26.64 22.36 11.37 38.00 27.28 16.51 -
Flash-SD3 [3] 4 1024 ✗ 27.47 22.65 11.98 38.07 26.01 12.21 -
DMDR [12]* 4 1024 ✓ 29.50 22.77 11.98 38.10 29.10 14.11 -

GNDMR-IS 4 1024 ✓ 30.00 22.89 12.48 38.15 28.84 12.47 128*4k
GNDMR 4 1024 ✓ 30.37 22.88 12.53 38.20 28.02 12.21 128*8k

Stable Diffusion 3.5 Medium Comparison

Base Model (CFG=3.5) 50 512 - 27.78 22.59 11.91 38.46 20.69 - -
Flow-GRPO [19]* (CFG=3.5) 50 512 - 31.81 23.24 12.93 39.21 29.27 9.39 -
DMD2 [44]* 4 512 ✗ 30.44 22.92 12.73 38.59 26.64 14.63 -
DMDR [12]* 4 512 ✓ 30.83 23.07 12.80 38.22 26.05 16.73 -

GNDMR-IS 4 512 ✓ 30.88 22.94 12.86 38.39 25.60 16.68 128*3k
GNDMR 4 512 ✓ 31.25 23.15 12.93 38.59 24.44 13.93 128*6k

the sampling cost. By implementing 5 training iterations per sample with a clip
range of η = 0.5, our 32×16 (w/ IS) configuration achieves a convergence rate
and final performance comparable to the standard 32×16 setup, while requiring
significantly fewer total samples even less than the baseline 16×8 configuration
(see Fig. 5b).

Table 2: Ablation on Group Normalization
(GN) on Rdm. We first only distill model for 500
iteration then continue training with different re-
wards.

Method only Rdm +HPS +PS
FID↓ FID↓ HPS↑ FID↓ PS↑

GNDMR 23.07 24.47 30.22 22.32 22.76
w/o GN 24.94 25.40 30.39 24.61 22.71

Table 3: Ablation on sampling
strategy (left) and timestep intervals
of group normalization (right).

t′ t FID ↓

24.94
✓ 24.34
✓ ✓ 23.07

Interval FID ↓

[0, 300] 23.71
[300, 600] 23.46
[600, 1000] 23.43

5.3 Ablation Study

We explore the effectiveness of Rdm from multiple perspectives through ablation
studies below. By default, we use SD3-Medium with 512× 512 and first perform
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Base Model Hyper-SD LCM Flash-SD3 DMDR GNDMR

The image is of a raccoon wearing a Peaky Blinders hat, surrounded by swirling mist and rendered with fine detail.

A colorful digital painting with a front view and anime-inspired vibes featuring a magical composition.

An intricate and elegant art deco-inspired metropolis with retrofuturistic elements in a cyberpunk style.

A woman's face in profile, with white carapace plates extruding from the skin and red kintsurugi.

A hybrid creature concept painting of a zebra-striped unicorn with bunny ears and a colorful mane.

Fig. 4: Qualitative Results based on SD3. Our GNDMR has better aesthetics than
other models and fewer artifacts than DMDR.

500 iterations vanilla DMD for fast training and observation, the results were
reported on COCO30K.
Effect of group normalization on Rdm. The primary advantage of our
GNDMR lies in applying Group Normalization (GN) to Rdm. To investigate
this effect, we conduct the experiments shown in Tab. 2. During the first 500
distillation training iterations, GNDMR results in a lower FID, providing a bet-
ter initialization for subsequent optimization. In the follow-up training, where
HPS and PS are separately introduced as additional rewards, GNDMR con-
tinues to achieve lower FID while maintaining comparable performance on the
target rewards. Sampling strategy of generation timestep t and diffused
timestep t′. Since Group Normalization (GN) is applied to Rdm, the same t′ is
shared within each group, as t′ determines the noise level of the diffused samples.
We further examine whether sharing the same t within a group affects perfor-
mance. The first row in Tab. 3 (left) corresponds to the vanilla DMD baseline.
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(a) Equal Updates Comparison
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32.6
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16x8
16x16
32x16
32x16 (w/ IS)

(b) Equal Sampling Budget Comparison

Fig. 5: Importance Sampling (IS) improves sampling efficiency. (a) With the same
number of training steps, larger batch sizes lead to better reward optimization, but (b)
they also require more samples. By introducing IS, the 32×16 (w/ IS) setting achieves
comparable performance under a reduced sampling budget.

Sharing both t′ and t within a group yields the best performance, consistent
with Eq. (10), since Rdm depends on both t′ and t.
Effect of diffused timestep intervals of group normalization on Rdm.
As shown in Tab. 3 (right), larger timestep intervals correspond to higher noise
levels, which increase the variance of Rdm estimation as shown in Fig. 3. Applying
GN to regions with larger interval values effectively stabilizes the estimation and
leads to lower FID.
Effect of βdm,t. As illustrated in Fig. 6, it is challenging to consistently im-
prove the target reward through simple static weighting w. This difficulty arises
because the distillation matching incorporates a dynamic coefficient wdm,t that
evolves during training. Without scaling the reward by the same level coeffi-
cient βdm,t, it is nearly impossible to maintain a proper balance between the two
terms using a fixed weight w, often leading to unstable optimization or subop-
timal reward gains. By contrast, applying βdm,t to the reward term ensures a
synchronized weighting scheme, allowing the reward to improve steadily without
collapse.

6 Conclusion

In this work, we present a novel framework for improving diffusion distillation by
re-conceptualizing distribution matching as a reward. Our approach bridges the
gap between diffusion distillation and RL, resulting in more efficient and stable
training. Through extensive experiments, we demonstrate that GNDM outper-
forms vanilla DMD, achieving a notable reduction in FID scores. Furthermore,
the GNDMR framework, which integrates additional rewards, achieves an opti-
mal balance between aesthetic quality and fidelity. Our method offers a flexible,
efficient, and stable framework for real-time, high-fidelity image synthesis, while
also providing a novel direction for the application of the latest RL techniques
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600 800 1000 1200 1400
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(a) Effect of βdm,t on DMDR
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w=10
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(b) Effect of βdm,t on GNDMR

Fig. 6: Ablation study on the effect of βdm,t and the weighting factor w. "w/ beta"
denotes the configuration using βdm,t as defined in Eq. (19), whereas other variants set
βdm,t = 1. The HPS is evaluated on the HPDv2 test prompts. The results demonstrate
that incorporating βdm,t leads to more stable and superior reward optimization com-
pared to static weighting under both DMDR and GNDMR setting.

in diffusion model distillation, paving the way for future advancements in the
field.
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