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Abstract. Diffusion distillation is central to accelerating image and
video generation, yet existing methods are fundamentally limited by the
denoising process, where step reduction has largely saturated. Partial-
timestep, low-resolution generation can further accelerate inference, but
it suffers from noticeable quality degradation due to cross-resolution
distribution gaps. We propose Cross-Resolution Distribution Matching
Distillation (RMD), a novel distillation framework that bridges cross-
resolution distribution gaps for high-fidelity, few-step multi-resolution
cascaded inference. Specifically, RMD divides the timestep intervals for
each resolution using logarithmic signal-to-noise ratio (logSNR) curves,
and introduces logSNR-based mapping to compensate for resolution-
induced shifts. Distribution matching is conducted along resolution tra-
jectories to reduce the gap between low-resolution generator distributions
and the teacher’s high-resolution distribution. In addition, a predicted-
noise re-injection mechanism is incorporated during upsampling to stabi-
lize training and improve synthesis quality. Quantitative and qualitative
results show that RMD preserves high-fidelity generation while acceler-
ating inference across various backbones. Notably, RMD achieves up to
33.4x speedup on SDXL and 25.6x on Wan2.1-14B, while preserving
high visual fidelity.

Keywords: Cross-Resolution - Distribution Matching - Diffusion Dis-
tillation

1 Introduction

In recent years, diffusion models [8]/14] have demonstrated impressive perfor-
mance in high-fidelity visual generation [28,|38]/39]. Despite their success, dif-
fusion models require hundreds of iterative denoising steps, each involving a
full forward pass through a large-scale neural network. Moreover, in modern
Diffusion Transformer [26] (DiT) architectures, the computational cost of each
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Fig.1: Under the same text prompt and random seed, the SDXL model produces
distinct images at 512x512 and 1024x 1024 resolutions, revealing a clear resolution-
dependent distribution shift. The corresponding prompts are provided in Appendix D.

forward pass is further amplified at high resolutions , as the number of to-
kens scales with spatial dimensions, leading to a quadratic increase in attention
complexity. As a result, visual synthesis incurs substantial computational over-
head and latency, limiting the feasibility of real-time or resource-constrained
applications.

Up to now, many efforts have been made in pursuing efficient sampling
techniques [32]. Among them, training-free methods accelerate sam-
pling but still need dozens of steps. In contrast, step distillation methods, such
as trajectory-based distillation and distribution-matching distilla-
tion , can significantly improve sampling efficiency, reducing the pro-
cess to only a few steps (e.g., to 4-8 steps) while maintaining high-fidelity visual
generation. However, empirical evidence indicates that excessively aggres-
sive reduction of generation steps (e.g., to 1-3 steps) can result in a catastrophic
decrease in performance. Consequently, relying solely on step reduction via dis-
tillation imposes inherent limitations on improving sampling efficiency.

To address the efficiency bottleneck in step distillation, we instead focus on
lowering the resolution at selected timesteps during the sampling process. Prior
work has shown that the role of each denoising step depends on the noise level:
early steps under high-noise conditions primarily reconstruct the global struc-
tural layout, whereas later steps under low-noise conditions refine fine-grained
visual details . However, performing high-resolution reconstruction dur-
ing the high-noise stage leads to redundant computation of fine-grained details
that are not yet required. Therefore, to further improve the efficiency of step
distillation, we adopt a multi-resolution cascaded generation strategy: global
structures are first recovered via coarse denoising at a lower resolution, and
high-resolution processing is deferred to later stages to refine fine-grained de-
tails.

However, as illustrated in Fig. |1} the same model yields distinct data dis-
tributions across resolutions; thus, directly reducing the generation resolution
at selected timesteps introduces distributional inconsistencies and degrades syn-
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thesis quality [23,/41]. This issue stems from the training paradigm of exist-
ing state-of-the-art diffusion models [38,39|51], which adopt a multi-stage cur-
riculum schedule: models are first trained on large-scale, low-resolution data of
varying quality, and subsequently fine-tuned on carefully curated high-resolution
data. Consequently, under a coarse-to-fine multi-resolution cascaded generation
scheme, the global structure is effectively sampled from a low-resolution distribu-
tion with heterogeneous quality, rather than from the inherently higher-fidelity
high-resolution distribution, resulting in a fundamental mismatch.

In this paper, we introduce RMD, a novel distillation framework (see Fig.
for few-step multi-resolution cascaded generation that explicitly bridges cross-
resolution distribution inconsistencies. Concretely, RMD segments the denoising
trajectory according to logSNR curves and progressively increases the resolution
as noise decreases, enabling coarse-grained semantic construction at early stages
and fine-grained detail refinement at later stages. Within each segment, noisy
samples are upsampled and aligned at the final high resolution for distribution
matching distillation, ensuring global distribution consistency across resolutions.
In addition, a predicted-noise re-injection mechanism is employed during upsam-
pling to provide prior trajectory guidance, stabilizing training and enhancing
synthesis quality. As a result, RMD achieves few-step generation with progres-
sive resolution scaling, breaking through the sampling efficiency bottleneck of
conventional step-distillation methods, while preserving high-fidelity visual syn-
thesis. Extensive experiments on image synthesis and its natural extension to
video synthesis validate the effectiveness of the proposed RMD method, consis-
tently achieving improved sampling speed while preserving high visual fidelity.

2 Related Work

2.1 Step Distillation

Trajectory-based Distillation trains a few-step student model by aligning its
denoising trajectory with that of a multi-step teacher model [17}[25/[35]. Progres-
sive distillation [29] iteratively trains a sequence of student models, each halving
the number of sampling steps of its predecessor by matching two-step trajectories
in a single step. Instaflow [17] straightens ODE trajectories to reduce discretiza-
tion error and enable generation with fewer steps. Consistency models [35] and
their subsequent extensions |12,(341/43//43] train student models so that their out-
puts remain self-consistent at any timestep along the ODE trajectory. However,
these methods suffer from difficulties in instance-level trajectory matching and
numerical errors when solving the teacher’s probability flow ODE [22].

Distribution Matching Distillation (DMD) [48] trains the student by
aligning its output distribution with the multi-step teacher, avoiding the dif-
ficulty of instance-level trajectory matching. To date, many follow-up works
|141119,46l{53] have proposed improvements. For example, DMD2 [47] introduces
a discriminator to align the student model’s distribution with a specified target
distribution in a GAN-like manner [7]. TDM [22] enforces distribution-level align-
ment between the student’s trajectory and that of the teacher. DP-DMD [44]
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Fig.2: Overview of the RMD Framework, Fig. 3: Illustration  of  Cross-
which compresses the denoising trajectory of Resolution Timestep Interval Align-
a pretrained diffusion model into a multi- ment. logSNR curves at different
resolution, few-step cascaded denoising pro- resolutions show resolution-dependent
cess. variations in noising dynamics.

exempts the first step from DMD, preserving sample diversity while enabling
efficient, high-quality generation. Our work also starts with DMD, where we in-
corporate a coarse-to-fine generation paradigm into end-to-end distillation, going
beyond the efficiency limits of step-only compression.

2.2 Multi-Resolution Cascaded Methods

Multi-resolution cascaded methods accelerate diffusion-based generation by de-
composing the denoising process into a multi-resolution hierarchy, proceeding
in a coarse-to-fine manner . For instance, PixelFlow is trained
from scratch to model cascaded flows in the pixel space, allowing images to be
progressively synthesized from low to high resolution. Bottleneck Sampling
employs a high-low-high denoising workflow to maintain both visual fidelity and
sampling efficiency. Moreover, cascade strategy has been incorporated into large-
scale state-of-the-art diffusion models , employing cascade refiners to fa-
cilitate efficient high-resolution visual synthesis. In this work, we unify multi-
resolution cascading into a step distillation framework and address the distribu-
tion inconsistency between low- and high-resolution cascaded denoising .

3 Methodology

Cross-Resolution Distribution Matching Distillation (RMD) is introduced as a
novel distillation framework that aligns the student’s low-resolution distribu-
tion with the teacher’s high-resolution distribution at the distribution level. We
first partition the diffusion timestep into resolution-specific intervals based on
their log signal-to-noise ratio (logSNR) profiles. A cross-resolution distribution
matching objective is then formulated to learn distributional matching across
resolutions. Finally, an optimized upsampling strategy is adopted to reduce the
difficulty of cross-resolution alignment and improve training effectiveness.
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Fig. 4: The overall pipeline for distilling a pretrained diffusion model into a cascaded
generator Gy that performs generation across two resolution distribution spaces.
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3.1 Resolution Trajectory Division

Resolution scaling intrinsically modifies the effective noise schedule. For iden-
tical independent noise magnitude, higher resolutions suffer relatively weaker
pixel corruption |§|, This effect can be characterized via the logSNR. As
shown in Fig. [B] the growth rate of logSNR differs across resolutions: in the
low-logSNR regime, low-resolution trajectories denoise more rapidly, whereas
in the high-logSNR regime, higher resolutions achieve a higher denoising rate.
This observation motivates partitioning the diffusion process according to the
logSNR trajectory and assigning resolution-specific timestep intervals. Note that
Fig. plots the compensated logSNR schedules after applying Eq. , where low-
resolution curves sit above high-resolution curves, indicating higher compensated
logSNR (less effective noise) at each timestep.

To ensure distributional alignment with the teacher model, we partition the
teacher’s logSNR curve at predefined thresholds {logSNR,,...,logSNR,_;},
yielding K non-overlapping diffusion segments. Each breakpoint is converted
to a diffusion boundary via the logSNR~timestep mapping. Under the Rectified
Flow parameterization , the conversion is

1
1+ exp (LSQN Ri) ’

1)

O'T,L. =

where o7, denotes the noise schedule value at the boundary timestep 7;, with
or, = 1 and o7, =0 , corresponding to the diffusion timestep partition
defined by the logSNR curve. Each segment ¢ € {1,2,..., K} corresponds to a
timestep interval [T;_1,T;], and is assigned a predefined resolution r;, satisfying
ry <rg < --- < rg, where rg equals the teacher model’s generation resolution.

To maintain consistency with the teacher’s timestep intervals during RMD,
we compute the timestep shifts induced by resolution variations. Following the
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resolution-dependent scaling in SD3 [6], the adjusted logSNR at resolution r; is
formulated as:

1ogSNR!") = logSNR, — 2log (:) , (2)

K

where the second term compensates for the resolution-induced SNR shift. By
substituting the adjusted logSNR into Eq. , we derive the student’s timestep
interval [T"), T(")] that corresponds to the teacher’s segment [Tj_1,T}]. As
illustrated in Fig. [3] we exemplify this for a two-stage (K = 2) configuration:
by mapping the high-resolution interval onto the low-resolution temporal axis
through logSNR invariance, we can bridge the gap between varying scales. This
temporal synchronization ensures that distillation occurs over identical denoising
states, regardless of the spatial resolution.

3.2 Cross-Resolution Distribution Matching

The objective of RMD is to compress a pretrained diffusion model into a few-
step, multi-resolution cascaded generator Gy. For each resolution interval, the
generator is trained to match the teacher distribution under aligned logSNRs.
Formally, we minimize the joint KL divergence [47.|48/[53]:

min KL (po(:,) po (o | ) || polai) po(ao | 1)) 3)

where p, and py denote the pretrained teacher and generator, respectively. The
index t; := (r;,t) represents the resolution-aware timestep corresponding to
teacher timestep ¢ with resolution r; under matched logSNR, as in Eq. .
2+, denotes the generator state aligned with the teacher distribution z;. The
conditionals py(xo | z;) and pe(zo | T¢,) correspond to teacher ODE denoising
and generator cross-resolution denoising.

Optimizing the above objective introduces two challenges. First, point-wise
distribution matching along the generation trajectory is insufficient for effective
distillation [22]. Second, as z¢ and &, reside at different resolutions, directly
denoising ;, to recover xg is ill-posed. Moreover, Z;, contains stochastic diffusion
noise, and naive upsampling may distort low-resolution structural priors.

To overcome these issues, we project the generator state Z;, into the teacher
space via a differentiable upsampling transformation [41}[52], and perform distri-
bution level matching along the inference trajectory. Specifically, the teacher
scheduler determines N inference steps {tj}j.v: o', uniformly defined as t; =
Ty — %j. These steps are mapped to low-resolution timestep as t; ; := (74, t;).
Multi-resolution cascaded inference under GGy produces intermediate states 7y, ,
which are subsequently transformed to the high-resolution space via the follow-
ing upsampling transformation:

i’étm) = fti,j — 0, eg(i'tw. s ti,j), (4)
xg«qﬂ) — (1 _ Utj) UrK (j(()&])) + th €.
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Here, €y denotes the noise prediction of Gy, and U, (-) denotes an inter-
polation upsampling operator to resolution rx. The time-dependent standard
deviation o; controls the noise scale, and € ~ A(0,I) represents the injected

stochastic noise. x( 1) denotes the clean latent from the low-resolution distri-
bution at timestep t; ;. For simplicity, we adopt a rectified flow formulation |16}
for noise injection, though other strategies [8}/14] are readily applicable.
Substituting the induced distribution of ;z:(t‘ 7 into the distillation objective,
we minimize the marginal reverse KL dlvergence under score distillation [20}48]:

Zm@‘%wmm. (5)

However, multi-step ahgnment across resolutions is computationally demand-
ing. Furthermore, because different resolutions require varying numbers of sam-
pling steps, the resulting supervision becomes imbalanced, leading to slow con-
vergence. Consequently, we perform distribution matching exclusively along resolution-
wise stages. For each resolution stage r;, we uniformly sample timesteps:

ty ~U(T, 1)),

We denote the corresponding expectation simply as E;, for brevity, and per-
form cross-resolution distribution alignment at the sampled steps. The overall
objective is formulated as:

)= 3 0 B KL (a) 1 )] (©

i=1

Here pg (xt ) denotes the marginal diffusion distribution at timestep ¢; within
resolution stage r;, projected to the high-resolution space at timestep t. The co-
efficient )., is a resolution-aware weight that balances the contribution of each
resolution interval in the optimization objective. In practice, the expectation is
approximated via Monte Carlo sampling during training.

Using score approximation, the gradient can be written as:

ax(f )] 7)

VgL Z)\“Et [(39( ) t) 7590(%’15)) 96

=1

Here, xiti) denotes the upsampled distribution obtained from the generator
outputs via the upsampling transformation, which remains differentiable with
respect to the model parameters 6.

The generator score sy is intractable. Following DMD [48] and TDM [22] score
approximation, we introduce a fake diffusion model s4 to estimate it, termed
the fake score, while s, is treated as the true score. With the introduced fake
diffusion model s4, the final gradient update formulation for RMD is:

K
=D ME
i=1

2
2 = sg (o) + (@l 0) = @) ®)
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Here, sg(-) denotes the stop-gradient operator, which can be interpreted as
the upsampled generator distribution after being refined by one step of gradient
descent, while blocking gradient back-propagation. A concise overview of the
cross-resolution matching distillation training procedure is shown in Fig.

The fake diffusion model is initialized from a pretrained DM and optimized
with a standard denoising objective to track score variations along generated
trajectories:

2

f¢($§ti)vt) —Urg (jéti))Hg ’ (9)

K
L((b) = Z )\santi
=1

where U, (a?(()t"')) is the clean target. f, denotes the denoiser network parame-

terized to predict the clean data. A, is the resolution-aware denoising weight,
defined as the SNR at timestep ¢; and resolution r;.

3.3 Upsampling Transformation Optimization

In the upsampling transformation, the low-resolution distribution is upsampled
and perturbed with Gaussian noise, enabling approximate alignment with the
high-resolution distribution during training. However, such stochastic perturba-
tion requires re-solving SDE trajectories across resolutions and does not inherit
the teacher’s ODE trajectory, which increases the difficulty of RMD. In contrast,
injecting purely predicted noise to mimic the teacher ODE trajectory leads to
severe degradation when the resolution gap is large.

To address this issue, we introduce a noise re-injection strategy for RMD,
where Gaussian noise is replaced by a resolution-aware combination of predicted
and Gaussian noise. The revised formulation is:

€, — aU’I"K(ee(‘%ti7ti)) + ﬁe

| | (10)
ﬁfgti) = (]. — O't) UTK(fEétz)) + Ot Eti

Here, ¢;, comprises predicted noise and Gaussian noise. The predicted com-
ponent is obtained by upsampling the generator’s noise prediction €y, while the
stochastic term is a Gaussian noise € ~ N(0,I). The two components are bal-
anced by o and B with o? + 32 = 1. As the resolution gap enlarges, stronger
stochasticity is required to bridge the distribution mismatch. Accordingly, « is
reduced, assigning greater weight to the Gaussian noise.

3.4 Training and Inference

Warm-up Training with Low logSNR The distribution induced by low-
resolution generative trajectories largely determines the overall layout of the
high-resolution distribution during distillation [24}/50,/52]. In RMD, significant
misalignment between the generated low-resolution distribution and the target
high-resolution distribution can hinder the convergence of cascaded generative
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trajectories. To enable efficient optimization, the generative process is divided
into semantic and detail generation intervals based on the logSNR partitioning
scheme from Wan2.2. Specifically, a threshold logSNR ./, is selected to separate
these intervals, and the low-logSNR (semantic) interval is first distilled in a
warm-up phase to provide a stable initialization. The full trajectory is then
trained end-to-end, accelerating the overall distillation process. The pseudocode
for RMD training is provided in Algorithm 1 in Appendix A.
Multi-Resolution Cascaded Inference. During inference, a multi-resolution
cascaded scheme is adopted to synthesize the target-resolution distribution. The
procedure dynamically determines whether upsampling is required at each sub-
sequent timestep and, if so, re-injects noise to maintain consistency with the
diffusion trajectory. Denoising begins from Gaussian noise at the lowest resolu-
tion r; and progressively increases the resolution of the generated distribution
until the target resolution is reached. Within each stage, if the resolution re-
mains unchanged at the next timestep, standard conditional diffusion denoising
is performed. When the resolution changes, the current-stage distribution is first
projected to the target stage, and then upsampling and noise are re-injected
to match the higher-resolution distribution corresponding to the next timestep.
This multi-resolution cascaded inference ensures seamless resolution transitions
across stages while preserving the temporal consistency of the generation pro-
cess. The complete pseudocode is provided in Algorithm 2 in Appendix A.

4 Experiments

4.1 Experiments Setup

Baseline. To assess the generalizability of RMD, we conduct extensive experi-
ments across both image and video generation tasks. For text-to-image synthe-
sis, we evaluate our method on various representative architectures, including
the UNet-based Stable Diffusion XL (SDXL) [27] as well as the Transformer-
based PixArt-a [3] and Stable Diffusion 3.5 medium (SD3.5) [6]. Specifically,
we evaluate our method against two categories of publicly available distilla-
tion frameworks: (1) adversarial distillation, including SDXL-Turbo [30] and
SDXL-Lighting [13] (for SDXL), YOSO [21] (for PixArt-«), and SD3.5-Turbo [1]
(for SD3.5); and (2) distribution matching methods, such as DMD2 [47] and
TDM |22]. Furthermore, to demonstrate scalability to large-scale video models,
we extend our evaluation to Wan2.1-T2V-14B [39], where we conduct a compar-
ison with distribution matching approaches.

Metrics. For image generation, following TDM [22], we use Human Preference
Score v2.1 (HPS) [45] for human-centric alignment, Aesthetic Score (AeS) [31] for
perceptual beauty, and CLIP Score for text-visual semantic consistency. These
metrics are cross-validated on images generated from the HPS v2.1 prompt set.
For video generation, following Bottleneck Sampling [41], we use VBench [10]
to evaluate comprehensive video quality (e.g., temporal consistency and motion
smoothness) and T2V-Compbench [36] to assess compositional capabilities. For
both benchmarks, we use their provided original prompts for video generation.
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Furthermore, an extensive user study is conducted, with details provided in
Appendix C.

Implementation Details. As our approach is image-free, training relies exclu-
sively on prompts from JourneyDB [37|. For both base and distilled models, CFG
scales are set to 7.5 (SDXL), 3.5 (PixArt-a), 4.5 (SD3.5), and 5.0 (Wan2.1). We
employ bilinear interpolation for upsampling. All benchmarks and speed mea-
surements are performed on a single NVIDIA A100 GPU. In our primary exper-
iments, we scale the resolution from 512px to 1024px for image synthesis and
from 480p (834 x 480) to 720p (1280 x 720) for video generation. This is imple-
mented via a two-stage (K = 2) multi-resolution strategy, using logSNR; = —2.5
as the transition threshold. For instance, in a 4-step SDXL inference, the tra-
jectory is partitioned into a high-noise interval (¢ € [502,1000]) processed at
low resolution, followed by a refinement stage (¢ € [0,502]) at high resolution.
Model-specific schedules and further details are provided in Appendix B. The
distillation training cost of RMD is comparable to TDM and lower than DMD?2
(see Appendix B for detailed comparisons).

Table 1: Quantitative comparison of RMD with state-of-the-art methods in text-to-
image generation. The best results among distillation methods are highlighted in bold.

HPSt

Painting Photo Average Acst CLIP Scoref

Method Backbone NFE Speedup Animation At

Base Model-1024 SDXL 40x2 1.0x 27.73  31.16 28.93 28.73 29.14 6.48 35.64
SDXL-Turbo-512 SDXL 4 20.0x 31.20  29.72  29.56 27.36 29.46 6.41 34.36
SDXL-Lighting SDXL 4 20.0x 32,46  31.07 31.23 28.57 30.83 6.54 34.62
DMD2 SDXL 4 20.0x 32.75 3179 31.79 28.87 31.30 6.71 35.10
TDM SDXL 4 20.0x 33.64 32.37 32.18 29.51 31.93 6.70 35.03
RMD (Ours) SDXL 2+2 33.4x 33.71 32.14 31.94 30.16 31.99 6.73 35.13

Base Model-1024 PixArt-a 25x2  1.0x 32.22  30.71 30.45 29.58 30.74 6.73 34.12

YOSO0-512 PixArt-a 4 12.5% 31.40  31.18 31.26 28.15 30.60 6.23 31.83
DMD2 PixArt-a 4 12.5% 32.56  31.57 31.57 29.76 31.36 6.71 33.53
TDM PixArt-a 4 12.5% 33.07 3225 3223 30.64 32.05 6.82 33.63

RMD (Ours) PixArt-a 242 21.0x 33.24 32.42 32.55 30.71 32.23 6.89 33.89
Base Model-1024 SD3.5 40x2 1.0x 31.86  30.99 30.75 27.58 30.29 6.49 34.76

SD3.5-Turbo SD3.5 4 20.0x 30.07  28.25 28.82 25.78 28.23 6.35 32.97
DMD2 SD3.5 4 20.0x 31.38  30.47 31.20 28.65 30.42 6.32 32.16
TDM SD3.5 4 20.0x 31.24  30.20 30.94 27.74 30.03 6.37 32.25

RMD (Ours) SD3.5 242 32.0x 31.62 30.50 31.22 28.89 30.56 6.38 32.51

4.2 Main Results

Results on Text-to-Image Generation We evaluate the text-to-image gener-
ation performance of RMD across multiple representative backbones. We adopt
a two-stage inference strategy consisting of two low-resolution steps followed
by two high-resolution steps, denoted as an NFE of 2+2. The results are pre-
sented in Tab. [1] From the results, we draw the following observations: (1)
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Table 2: Quantitative Results on Text-to-Video Generation. All methods use Wan2.1-
T2V-14B as the backbone and are evaluated via VBench and T2V-CompBench (av-

erage) using original prompts. The best results among distillation methods are high-
lighted in bold.

Method NFE Speedup Total scoret Quality score? Semantic scoret T2V-Compbench?
Base Model-720p 50x2 1.0x 83.75 85.44 76.95 54.17
DMD2 6  16.7x 80.30 81.98 73.60 52.81
TDM 6  16.7x 80.48 81.85 75.00 52.27
RMD (Ours) 343 25.6x 82.51 84.37 75.05 54.00

Fig. 5: Visual comparison of our model with DMD2, TDM, and the base model. All
distilled models are evaluated with 6 sampling steps, while the teacher model uses
50 steps with classifier-free guidance. For fair comparison, all results are generated
using identical noise seeds and text prompts. Left prompt: A basketball player soaring
through the air for a thunderous slam dunk. Right prompt: A frog jumping into a bowl
of water, splashing droplets onto the surrounding grass.

Distribution matching methods frequently outperform the base models in cer-
tain metrics. This superiority is primarily attributable to the transition from
error-prone multi-step trajectories to direct mappings, thereby eliminating cu-
mulative sampling drift. (2) Our method consistently outperforms baselines via
cross-resolution distillation. By anchoring core semantic layouts at lower reso-
lutions during early denoising, the model expands its effective receptive field
and suppresses high-frequency artifacts. This prioritizes global structural coher-
ence before transitioning to fine-grained local refinement. (3) RMD maintains
high fidelity while delivering superior inference efficiency—achieving a 33.4x ac-
celeration compared to base SDXL and outperforming current step-distillation
baselines. Relative to distilled baselines, RMD achieves 1.67x (SDXL), 1.68x
(PixArt-a), 1.60x (SD3.5), and 1.53x (Wan2.1) speedup. Qualitative examples
are provided in Appendix E.

Results on Text-to-Video. We extend RMD to the Wan2.1-T2V-14B as the
base model. While SOTA baselines like DMD2 and TDM are constrained to a
fixed 6-step NFE, RMD employs a 343 multi-stage strategy. Quantitative results
in Tab. 2] show RMD outperforming competitors across all metrics, achieving a
25.6x speedup—over 50% more efficient than 6-step baselines. Qualitative com-
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Table 3: Ablation study of the proposed components. Evaluations are conducted on
SDXL/Wan2.1 backbone. The best results are highlighted in bold.

Components Evaluation Metrics
Target Resolution
UP HPST Aest CLIP Scoret Vbench?t
X X 22.64 6.15 28.76 80.01
512px/480p v x 30.28  6.63 34.81 80.81
X v 29.57 6.58 33.68 81.11
1024px/720p v v 31.99  6.73 35.13  82.51

w/o RM

RMD

Fig. 6: Visual ablation comparison of models with and without RM on SDXL at a
1024px target resolution. The corresponding prompts are provided in Appendix D.

parisons (Fig.|5) reveal that RMD preserves superior motion details and semantic
coherence, whereas DMD2 exhibits limited temporal dynamics. These findings
confirm RMD’s ability to substantially accelerate video synthesis without com-
promising quality.

4.3 Ablation Study

Component Ablation Analysis. Tab. [3] isolates the effects of the Cross-
Resolution Distribution Matching (RM) and Upsampling (UP) modules under a
unified evaluation protocol. During training, all models are initialized at a base
resolution of 512px/480p, while the target resolution is determined by the UP
module, resulting in outputs at 512px/480p or 1024px/720p. Applying RM alone
(i.e., without UP) yields substantial improvements over the baseline; these gains
primarily arise from RM’s ability to eliminate the distribution gap between low-
and high-resolution representations. In contrast, a naive cascaded upsampling
strategy without RM performs poorly (see Fig. @, as the low-resolution stage
fails to establish robust semantic structures that can be preserved and refined
during subsequent upsampling. When cascaded upsampling is combined with
RM, the two components exhibit clear complementarity: UP alleviates the high
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Mixing Factor & (Stochastic - Predicted)

Fig. 7: Ablation study of noise re-injection strategies. Effect of varying the mixing
factor «, which controls the balance between predicted and stochastic noise. The back-
bone is PixArt-a (note that a here is part of the model name).

Table 4: Hyperparameter analysis on logSNR-driven step allocation. The logSNR,
governs the assignment of sampling steps (Ns12 and Nip24) across 512px and 1024px
resolutions. The backbone is Pixart-a.

Ns12 + Nio2s logSNR, Speedup HPS?t Aest CLIP Scoret
0+ 4 - 1x 32.05 6.82 33.63
14+ 3 -6.00 1.25x 32.12 6.87 33.64
242 -2.50 1.68x 32.13 6.83 33.86
3+1 0.00 2.54x 24.79 6.03 32.22

inference cost at early high-resolution stages, while RM ensures cross-resolution
distribution alignment. Together, they achieve the best overall performance.

Ablation on Noise Re-Injection Strategy. We analyze the mixing factor
a in Eq. under an NFE = 2+2 multi-resolution schedule (Fig. [7). Pure
Gaussian noise (o = 0) enables cross-resolution alignment but fails to inherit
the teacher’s ODE trajectory, leading to weak structural consistency. Pure pre-
dicted noise (o = 1.0) strictly follows the teacher trajectory but degrades under
large resolution gaps, as upsampling artifacts are treated as hard guidance. The
optimal setting a = 0.2 balances trajectory inheritance and stochastic flexibility,
effectively bridging the multi-resolution gap and achieving the best generation
fidelity.

4.4 Analysis of Resolution Trajectory Division

We analyze the impact of the threshold logSNR; on the distribution of sam-
pling steps across scales. As shown in Tab. [i] decreasing logSNR; shifts the
computational budget toward the lower resolution, yielding a higher speedup
by mitigating the quadratic attention complexity at 1024px. The configuration
with N512 = 2 and Nigo4 = 2 achieves the best balance between efficiency and
quality, delivering a 1.68x speedup while attaining the highest HPS (32.13) and
CLIP (33.86) scores. While the 1 + 3 configuration offers a minor improvement
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Baseline NFE=1+3 NFE¥2+2 NFE=3+1

Fig. 8: Qualitative comparison of different step allocations. Prompt: A white-haired
girl in a pink sweater looks out a window in her bedroom.

Table 5: Effect of multi-stage resolution training with RMD on SDXL. We evaluate
progressive resolution schedules (256px — 512px — 1024px), corresponding to logSNR;
and logSNR,, which induce different NFE allocations across stages. The backbone
model is SDXL. ¥ NFE per stage; omitted if 1.

Method Resolution (NFE)i logSNR,, logSNR, Speedup HPST Aest CLIP1

Bascline 1024(4) - 1.00x 3193 6.70 35.03
512(2)—1024(2) 25 1.56x  29.57 6.58 33.68
512(2)—1024(2) 25 1.56x  31.996.73 35.13

RMD 256—512—1024(2) 6.0,-2.5 1.73x 3159 6.70 34.84
256—512(2)—1024 6.0,-0.0 2.54x  31.48 6.68 34.77
256(2)—512—1024 2.5,-0.0 2.90x  31.03 6.67 34.57

128—256—512—1024 -6.0, -2.5, -0.0 3.08x 2948 6.59 33.41

in aesthetic score (6.87), this marginal gain is achieved at the expense of a signif-
icant reduction in inference speed. Conversely, compressing the high-resolution
refinement to a single step (3+1) leads to a sharp degradation in quality. This ob-
servation is visually substantiated in Fig. 8] where the 2+ 2 assignment preserves
intricate details and structural sharpness, whereas the 3 + 1 scheme manifests
as significant blurriness and a total loss of fine textures. Consequently, we adopt
logSNR;, = —2.5 as the default setting for our model to achieve an optimal
balance between efficiency and generative fidelity.

4.5 Effectiveness of Multi-stage Resolution Training

The evaluation of our resolution progressive strategy on SDXL, summarized
in Tab. ] demonstrates that RMD effectively optimizes the trade-off between
generative quality and inference speed. Specifically, the 2-stage RMD configu-
ration (2 + 2 NFE) outperforms the single-resolution baseline across all met-
rics—achieving an HPS of 31.99 and an Aesthetic score of 6.73—while providing
a 1.56x speedup. This performance significantly exceeds a naive 2-stage baseline
(HPS 29.57), confirming that our RM module successfully bridges the distribu-



Cross-Resolution Distribution Matching for Diffusion Distillation 15

tion gap during resolution transitions. Furthermore, extending this to a 3-stage
256px — 512px — 1024px strategy enables even greater efficiency, reaching a
2.90x speedup with the 2 4+ 1 4+ 1 NFE allocation while maintaining favorable
visual fidelity. These results validate the scalability of our coarse-to-fine dis-
tillation logic, proving it can achieve high-quality synthesis with substantially
reduced computational overhead.

5 Conclusions

We propose a cross-resolution distribution matching distillation (RMD) frame-
work for few-step, coarse-to-fine multi-resolution cascaded generation. RMD ex-
plicitly resolves distribution mismatch across resolutions and enables progressive
resolution expansion within a limited number of inference steps, overcoming the
efficiency bottleneck of conventional step-reduction distillation while preserving
high-fidelity synthesis. Extensive experiments on image and video generation val-
idate its effectiveness. RMD consistently achieves state-of-the-art sampling speed
without sacrificing visual quality, providing a scalable solution for accelerating
future generative models.
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