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ABSTRACT

Diffusion model distillation has emerged as a powerful technique for creating
efficient few-step and single-step generators. Among these, Distribution Matching
Distillation (DMD) and its variants stand out for their impressive performance,
which is widely attributed to their core mechanism of matching the student’s output
distribution to that of a pre-trained teacher model. In this work, we challenge this
conventional understanding. Through a rigorous decomposition of the DMD train-
ing objective, we reveal that in complex tasks like text-to-image generation, where
CFG is typically required for desirable few-step performance, the primary driver
of few-step distillation is not distribution matching, but a previously overlooked
component we identify as CFG Augmentation (CA). We demonstrate that this term
acts as the core “engine” of distillation, while the Distribution Matching (DM) term
functions as a “regularizer” that ensures training stability and mitigates artifacts.
We further validate this decoupling by demonstrating that while the DM term is a
highly effective regularizer, it is not unique; simpler non-parametric constraints or
GAN-based objectives can serve the same stabilizing function, albeit with different
trade-offs. This decoupling of labor motivates a more principled analysis of the
properties of both terms, leading to a more systematic and in-depth understanding.
This new understanding further enables us to propose principled modifications to
the distillation process, such as decoupling the noise schedules for the engine and
the regularizer, leading to further performance gains. Notably, our method has
been adopted by the Z-Image project to develop a top-tier 8-step image generation
model, empirically validating the generalization and robustness of our findings.

1 INTRODUCTION

Diffusion models (Sohl-Dickstein et al., 2015; Ho et al., 2020; Song et al., 2020) have rapidly
risen to prominence in generative modeling, achieving state-of-the-art performance and producing
images of unprecedented quality and diversity. This success has sparked widespread interest across
both academia and industry. However, the power of these models comes at a significant cost: their
iterative sampling process, often requiring dozens to hundreds of neural network evaluations, is
computationally expensive and slow, hindering their use in real-time applications.

To address this limitation, a flurry of research has focused on converting the original diffusion model
into a few-step generator. Typical technical routes include direct distillation (Liu et al., 2022),
where the student is expected to replicate the trajectory of the teacher; consistency distillation (Song
et al., 2023), which enforces self-consistency along the sampling trajectory; and adversarial distil-
lation (Sauer et al., 2024b), which leverages an adversarial objective to match the student’s output
distribution to target, showing impressive results in high-resolution synthesis.

Among these diverse approaches, score-based distillation, notably represented by Diff-Instruct (Luo
et al., 2023b), Distribution Matching Distillation (DMD) (Yin et al., 2024b), and other variants (Yin
et al., 2024a; Chadebec et al., 2025), has been recognized as exceptionally promising. Its advantages
are twofold: not only does it achieve state-of-the-art performance, but it is also underpinned by
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Figure 1: Two perspectives on the DMD algorithm. (a) The conventional view, which treats the use
of CFG as a heuristic relaxation of the theoretical framework, with the algorithm's success solely
attributed to this (relaxed) distribution matching mechanism. (b) Our proposed decoupled view,
where the objective is a combination of two distinct mechanisms: a CFG Augmentation (CA) engine
that drives the few-step conversion, and a Distribution Matching (DM) regularizer—which strictly
adheres to the theoretical derivation (Eq. 1)—that ensures training stability.

an elegant theoretical framework. Speci�cally, the method is framed as minimizing an Integral
Kullback-Leibler (IKL) divergence (Luo et al., 2023b) between the student's output distribution
(pfake) and the teacher's target distribution (preal):

L IKL (preal; pfake) =
Z 1

0
KL(p real;� jj p fake;� ) d�: (1)

In practice, the gradient of this objective is estimated using a pair of “real” (teacher) and “fake”
(student-tracking) models, making the training process feasible.

However, a dark cloud has loomed over the interpretation of this elegant method: the use of
Classi�er-Free Guidance (CFG) (Ho & Salimans, 2022) on the real model. According to the
theoretical derivation, the ideal estimator for the target real score should be the prediction from the
real model itself, with no involvement of CFG. However, empirical evidence overwhelmingly shows
that on complex tasks like text-to-image, DMD-like methods yield good results only with a high CFG
scale. Even if we were to boldly assume—an assumption we �nd to be insuf�ciently grounded—that
CFG somehow produces a higher-quality substitute for the original score, the asymmetric application
of CFG, in which only the real model but not the fake model is equipped with CFG, still creates a
stark inconsistency between theory and practice. Overall, the usage of CFG breaks the integrity of
the original, rigorous theoretical derivation of matching two distributions.

This strongly suggests that the current understanding of DMD's success is likely incomplete or
inaccurate. In this paper, we aim to rede�ne the understanding of how DMD and similar algorithms
work. Through a rigorous decomposition of the practical DMD training objective that utilizes real
score CFG, we reveal that its effectiveness is not driven by a single mechanism, but by a clear division
of labor between two distinct components:
1. CFG Augmentation (CA): A previously overlooked term that directly applies the CFG signal
to the student's output. We demonstrate that this component acts as the core engine of distillation,
responsible for converting a multi-step model into a high-quality few-step generator.
2. Distribution Matching (DM): A mechanism that perfectly aligns with the theoretical derivation
(Eq. 1). While existing works have proved its independent distillation capability in simple tasks
like low-resolution CIFAR (Luo et al., 2023b), we show that for complex tasks, its primary function
converts more to a powerful regularizer that ensures training stability and mitigates artifacts.

This decoupled framework challenges the prevailing narrative and provides a more accurate ex-
planation for the success of DMD-like methods. We substantiate our claims through a series of
carefully designed experiments, including independent investigations of the effect of each component,
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and demonstrating that the DM regularizer, while highly effective, can be conceptually replaced
by simpler statistical constraints or more complex GANs. This explicit decoupling also enables
a more principled and in-depth analysis of the properties and inner workings of each component.
Finally, armed with this deeper understanding, we propose principled improvement by proposing
decoupled renoising schedules for CA and DM, respectively, leading to further performance gains,
and demonstrating the practical value of our new perspective.

2 RELATED WORK

Few-Step Diffusion Distillation aims to reduce the inference cost of diffusion models. Trajectory-
matching approaches train a student model to replicate the teacher's sampling path in fewer steps (Liu
et al., 2023; Zhu et al., 2024; Kim et al., 2024; Frans et al., 2024; Salimans & Ho, 2022; Meng et al.,
2023), with consistency distillation as a renowned branch (Song et al., 2023; Kim et al., 2023; Lu
& Song, 2024; Wang et al., 2024; Ren et al., 2024). Another prominent direction is GAN-based
distillation (Sauer et al., 2024b;a; Lin et al., 2024), which leverages an adversarial objective to match
the student's output distribution with the teacher's or with real data.

Score-based Distillation was initially proposed for 3D generation (Poole et al., 2022; Wang et al.,
2023). Diff-Instruct (Luo et al., 2023b) pioneered its application in few-step diffusion distillation,
and DMD (Yin et al., 2024b) was among the �rst to successfully apply this principle to large-scale
text-to-image models. Following works have explored different distribution metrics (Zhou et al.,
2024b;a) or combining this principle with other distillation paradigms (Yin et al., 2024a; Chadebec
et al., 2025; Luo et al., 2024). Notably, the adoption of CFG in real score is a common practice
among these works, but this choice is rarely of�cially discussed. An exception is (Luo, 2024), which
models the CFG term as an extra reward function after distillation. We are the �rst to decouple the
role of this CFG term during distillation and to reveal its dominance in multi-to-few-step conversion.

3 REVISITING AND DECOMPOSING DMD

The goal of Distribution Matching Distillation (DMD) is to train a student generator, denoted as
G� , to emulate the output distribution of a pre-trained, frozen teacher diffusion model in a few-step
or even single-step inference process. The training is guided by minimizing a loss function, Eq. 1,
whose gradient with respect to the generator's parameters � can be estimated by:

r � L DMD-theory = E z t ;�;x �

�
�

�
sreal

cond(x � ) � s fake
cond(x � )

� @G� (zt )
@�

�
: (2)

In this paper, we follow the �ow matching notations (Lipman et al., 2022) and de�net = 0 with
pure noise andt = 1 with clean data. zt denotes the prepared generator input at noise levelt. For
single-step generation,t is 0 andzt is random noise; for few-step generation,zt can be obtained by
going through the previous steps, a technique called “backward simulation” (Yin et al., 2024a). The
generatorG� takeszt and makes the image predictionG� (zt ), which is then renoised tox � with a
sampled noise level� . After renoising,x � would be fed to two diffusion models for score estimates:
sreal

cond, the “real score” estimated by the original multi-step teacher model; andsfake
cond, the “fake” score

estimate from an auxiliary “fake” model that is trained concurrently on the generator's outputs. The
subscript “cond” indicates the score is conditioned on a text input. Pseudo-code provided in Sec. B

However, Eq. 2 usually leads to poor performance in practice, and a subtle modi�cation is involved:

r � L DMD = E z t ;�;x �

�
�

�
sreal

cfg (x � ) � s fake
cond(x � )

� @G� (zt )
@�

�
: (3)

The only difference between Eq. 2 and Eq. 3 is that the real score sreal
cond is replaced with sreal

cfg , where

sreal
cfg (x � ) = s real

uncond(x � ) + �
�

sreal
cond(x � ) � s real

uncond(x � )
�

: (4)

sreal
cond andsreal

uncondare the conditional and unconditional scores from the real model, respectively, and
� is the CFG guidance scale (typically� > 1 ). Despite the introduction of discrepancy between
theory and practice, this modi�cation empirically yields substantially better results. Interestingly,
this substitution has been largely overlooked in prior literature, often dismissed as a mere implemen-
tation detail rather than a fundamental deviation from the original theory. However, we will show
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that the seemingly minor CFG detail actually signi�es a fundamentally different mechanism
independent to distribution matching.

For clarity, in the rest of the paper, we use the acronym “DMD” to specially refer to in-practice-used
and CFG-involved algorithm as de�ned in Eq. 3. In contrast, we use the term “Distribution Matching”
or its abbreviation “DM” to refer exclusively to the theoretical principle of matching two distributions,
which strictly adheres to the formulation in Eq. 1 and Eq. 2. We will show that the success of DMD
is from the cooperation of two different mechanisms, with Distribution Matching playing a crucial,
yet secondary, role as a regularizer rather than the primary distillation engine.

3.1 DECOMPOSING THE DMD GRADIENT

To scrutinize the underlying mechanisms of the DMD algorithm, we begin by substituting the
de�nition of Classi�er-Free Guidance (Eq. 4) into the DMD gradient formula (Eq. 3):

r � L DMD = E
�

�
h
sreal
uncond(x � ) + �

�
sreal
cond(x � ) � s real

uncond(x � )
�

� s fake
cond(x � )

i @G� (z t )

@�

�
: (5)

With simple rearrangement, we can decompose Eq. 5 into two distinct components:

r � L DMD = E

2

6
6
6
6
6
4

�

0

B
B
B
B
B
@

�
sreal

cond(x � ) � s fake
cond(x � )

�

| {z }
� real-fake(Distribution Matching)

+(� � 1)
�

sreal
cond(x � ) � s real

uncond(x � )
�

| {z }
� real

cfg (CFG Augmentation)

1

C
C
C
C
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@G� (z t )

@�
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: (6)

This decomposition reframes the DMD objective as a sum of two terms:

1. Distribution Matching (DM, � real-fake): The �rst term,sreal
cond�s

fake
cond, strictly aligns with theoretical

deduction of matching two distributions (Eq. 1 and 2).
2. CFG Augmentation (CA, � real

cfg ): The second term,(� � 1)(s real
cond � s real

uncond), directly applies a
scaled CFG signal as a gradient to the student's output. This component was typically overlooked.

This separation motivates an ablation study to isolate the true contribution of each component. We
investigate three training con�gurations: (1) the full DMD objective (� real-fake+ � real

cfg ), (2) CFG
Augmentation only (� real

cfg ), and (3) Distribution Matching only (�real-fake).

3.1.1 ABLATION STUDY: ENGINE VS. REGULARIZER

As illustrated in Fig. 2, our experiments reveal a clear division of labor between the two components.
Training with CA alone is remarkably effective at converting the multi-step model into a few-step
generator. Besides, the generated results also demonstrate high similarity in content to the full
DMD objective, indicating the dominant role of the CA term in DMD loss. In contrast, even though
it is improper to conclude that the DM term is totally incapable of doing the multi-step to few-
step conversion (since in the 4-step experiment it indeed makes relatively reasonable images), a
signi�cant performance gap exists towards the CA setting, as indicated by both image visualizations
and numerical indicators (Image Reward (Xu et al., 2023) and HPS v2.1 (Wu et al., 2023)).

However, we also observe that training with CA alone is unsustainable. While initially effective,
the generated images progressively suffer from artifacts such as over-saturation and high-frequency
noise, eventually leading to training collapse. The introduction of the Distribution Matching term
eliminates these issues, enabling stable training over extended periods and yielding higher-quality
�nal results. These empirical �ndings lead to two fundamental conclusions:

1. CFG Augmentation is the engine for few-step conversion. The ability of the distilled generator
to produce high-quality samples in a few steps is almost entirely attributable to the �cfg term.
2. Distribution Matching is a regularizer for training stability. The � real-faketerm, while not the
primary driver of distillation, plays a crucial role as a regularizer that prevents the training process
from diverging and ensures the quality of the �nal output.

This insight fundamentally challenges the prevailing understanding of DMD-like methods: the
conversion to a few-step generator is not primarily an act of matching distributions but rather a direct
consequence of “baking” the CFG pattern into the student generator's predictions (we elaborate
on this point in Sec. A), which is irrelevant to the fake model.
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Figure 2: Ablation study on the roles of CFG Augmentation (CA) and Distribution Matching (DM).
Numerical indicators are evaluated on 1k sampled prompts from COCO-10k (Lin et al., 2014).

3.2 DISTRIBUTION MATCHING: A GOOD, BUT NOT THE ONLY, REGULARIZER

To further validate the aforementioned division between engine and regularizer, we investigate whether
alternative regularization schemes can effectively stabilize the CFG Augmentation (CA) engine. This
section demonstrates that even a simple non-parametric statistical constraint can prevent training
collapse, thereby substantiating the role of Distribution Matching (DM) as a regularizer. Concurrently,
we highlight that DM is an exceptionally well-suited regularizer for this task, exhibiting clear
advantages over both simpler non-parametric methods and more complex GAN-based approaches.

Non-Parametric Mean-Variance Regularization. As shown in Fig. 3, training with the CA engine
leads to a monotonic increase in the variance of generated images, �nally reaching unreasonably
large values. This inspires us to design the simplest regularization term of constraining the mean
and variance of the generator's output. Speci�cally, we apply a Kullback-Leibler (KL) divergence
loss that aligns the per-image mean� and variance� 2 of the student's outputG� (zt ) with target
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