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Figure 1. This paper presents CR-Diff, a method to improve the cross-resolution visual consistency of UNet–based diffusion models
by masking out some parameters in the model, i.e., network pruning – a technique that has been widely used for reducing model size;
while here, we novelly repurpose it for generalizing diffusion models to unseen resolutions. The samples above compare the original
SDXL [33] model with its counterpart modified by our proposed CR-Diff. The original SDXL is trained at 1024×1024 resolution
and can hardly generalize to other resolutions (e.g., 400×560, 480×360), while after CR-Diff prunes some parameters (the kept
parameters are unchanged), it manages to generate much more coherent images at these unseen resolutions. This phenomenon
suggests some parameters in the UNet-based diffusion models may be like a kind of “impurity”; while pruning, which used to be
deemed to damage the model’s capacity, can actually “purify” the diffusion model, improving its generalizability across resolutions.

Abstract

Diffusion models have demonstrated impressive image
synthesis performance, yet many UNet–based models
are trained at certain fixed resolutions. Their qual-
ity tends to degrade when generating images at out-of-
training resolutions. We trace this issue to resolution-
dependent parameter behaviors, where weights that
function well at the default resolution can become ad-
verse when spatial scales shift, weakening semantic
alignment and causing structural instability in the UNet
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architecture. Based on this analysis, this paper intro-
duces CR-Diff, a novel method that improves the cross-
resolution visual consistency by pruning some param-
eters of the diffusion model. Specifically, CR-Diff has
two stages. It first performs block-wise pruning to selec-
tively eliminate adverse weights. Then, a pruned output
amplification is conducted to further purify the pruned
predictions. Empirically, extensive experiments suggest
that CR-Diff can improve perceptual fidelity and seman-
tic coherence across various diffusion backbones and
unseen resolutions, while largely preserving the perfor-
mance at default resolutions. Additionally, CR-Diff sup-
ports prompt-specific refinement, enabling quality en-
hancement on demand.

This CVPR Findings paper is the Open Access version, provided by the Computer Vision
Foundation. Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction

Diffusion models [8, 22, 41–44] have achieved remark-
able success in text-to-image generation [10, 30, 33, 35,
37, 50], enabling high-quality synthesis across a wide
range of visual concepts. However, despite their strong
generative capacity, most models are trained at default
resolutions (e.g., 1024×1024 for SDXL [33]). Although
techniques like multi-aspect bucket sampling [31, 33]
provide some flexibility by fine-tuning on various aspect
ratios, the core problem persists. When applied to un-
seen resolutions outside the training regime, these mod-
els tend to exhibit obvious artifacts, reduced semantic
alignment, and diminished structural coherence. Recent
DiT-based models [2, 10] natively address this limitation
through scale-adaptive position encodings. In contrast,
foundational UNet-based [36] models [35] lack such in-
herent robustness, making their generative quality more
sensitive to changes in spatial scale.

Network pruning [11, 14, 17, 18, 47, 48] is tradition-
ally used to improve efficiency by reducing computation
and memory cost [3, 12, 13, 26, 55]. These approaches
primarily aim to compress models while preserving ac-
curacy. Surprisingly, here we observe that pruning in
diffusion UNets can play a qualitatively different role.
As shown in Figure 2, when applying simple magnitude
pruning to SDXL at the unseen resolution of 512× 512,
we observe a counter-intuitive trend. Instead of degrad-
ing performance, moderate sparsity improves generation
quality. In Figure 2a, metrics such as ImageReward
steadily increase as sparsity rises from 0% to 40%, while
FID decreases accordingly. This quantitative gain is fur-
ther reflected in the visual samples in Figure 2b. At 0%
sparsity, the dense model fails to produce a coherent ob-
ject (the “cat” is missing, and the text is incomplete).
As sparsity increases to 10–30%, the generated content
becomes more semantically aligned. At 40%, both the
concept of “a cat holding a sign” and the phrase “hello
world” are rendered clearly.

Such phenomena suggest that parameters beneficial
at the default resolutions can become adverse when ap-
plied to unseen resolutions, and pruning mitigates these
effects and helps stabilize the generative process. All of
these observations lead us to ask: Can we devise a con-
trollable pruning-based strategy to improve the cross-
resolution generability of UNet-based diffusion models?

To this end, we introduce CR-Diff, a two-stage frame-
work that restructures parameter distribution and puri-
fies model outputs of diffusion UNets for improved gen-
eration quality at unseen resolutions while maintaining
performance at default ones. As shown in Figure 3, CR-
Diff first applies block-wise pruning to assign differen-
tiated pruning ratios across downsampling, middle, and
upsampling blocks, yielding a pruned backbone reflect-
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Figure 2. Effects of magnitude-based unstructured pruning on
SDXL at unseen resolution 512×512. (a) Quantitative metrics
improvement within moderate sparsity. (b) Qualitative illustra-
tion of improved semantic alignment as sparsity increases.

ing the intrinsic importance distribution. Then, a pruned
output amplification mechanism further purifies predic-
tions by rebalancing dense and pruned outputs, enhanc-
ing beneficial signals while suppressing adverse ones.
CR-Diff further supports prompt-specific refinement, al-
lowing targeted quality enhancement. All are achieved
without altering the model architecture, remaining effec-
tive across resolutions as shown in Figure 1.

Our contributions are summarized as follows:
• We reveal that pruning diffusion UNets can improve

text-to-image performance, particularly at unseen res-
olutions where dense models exhibit resolution bias.

• We introduce a block-wise pruning and output ampli-
fication strategy that adapts sparsity across the UNet
and refines the pruned subnetwork to improve genera-
tion quality and stabilize semantic coherence.

• Experiments show that our method consistently and
controllably enhances output quality, improving vari-
ous metrics across models and resolutions.

2. Related Work
Text-to-Image Diffusion Models. Diffusion mod-
els [22, 44] have established themselves as the state-of-
the-art for high-fidelity text-to-image synthesis, power-
ing models like the widely-used Stable Diffusion (SD)
series [10, 33, 35, 38], DALL-E2 [34], sana [7, 50, 51],
Pixart [4–6], and FLUX [2]. However, a significant
limitation of traditional UNet architectures, particularly
foundational models like SD 1.5, is their limited gener-
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Figure 3. Overview of CR-Diff. Most UNet–based diffusion models exhibit resolution-dependent degradation when generating at
unseen scales. CR-Diff addresses this issue through a two-stage pruning and optimizing process, consisting of a block-wise (B-W)
pruning ratio strategy and a pruned output amplification (POA) mechanism. As shown in Figure 5, block-wise pruning adopts
a magnitude-based criterion with adaptive ratios across blocks to extract parameter directions that remain stable across resolutions.
Pruned output amplification refines the model’s forward predictions by amplifying the pruned output with an amplification coeffi-
cient k > 1, which suppresses residual dense model’s influences that otherwise introduce artifacts. This leads to cleaner denoising
trajectories and higher-quality final images with more stable structure and details.

alization to resolutions and aspect ratios unseen during
training. This fragility largely stems from spatially fixed
inductive biases such as learned positional encodings
in attention layers. Consequently, generating images at
novel resolutions directly often leads to obvious degra-
dation in visual coherence and semantic fidelity, such as
object duplication or compositional collapse.

To mitigate this, several strategies have been pro-
posed. The most common approach is multi-aspect
training [31, 33], where models are explicitly fine-tuned
on data "bucketed" into various aspect ratios after pre-
training models at a fixed aspect-ratio and resolution,
as was done for SDXL [33]. More recently, MMDiT-
based [32] architectures like SD3 [10] and FLUX [2]
have demonstrated superior flexibility by design. In-
stead of interpolating fixed embeddings [9], they na-
tively handle variable input dimensions by generating
2D positional grids, which are constructed based on
maximum training dimensions and then center-cropped
to target resolutions before being frequency embedded.
In contrast to these approaches, our work introduces a
novel method to improve generation quality at unseen
resolutions through a post-hoc, pruning-based strategy.

Neural Network Pruning. Neural network prun-
ing [1, 11, 14, 17–19, 25, 48] is widely used to reduce
parameter count and computational cost in deep learn-
ing, and has recently seen applications in large language
models [16, 28, 45, 49] as well as other large-scale ar-
chitectures [15, 39, 40, 46]. In diffusion models, prun-
ing has primarily been explored as a compression tech-
nique to improve inference efficiency, leading to com-
pact generators such as SnapFusion [26], MobileDif-
fusion [55], BK-SDM [23], Laptop-Diff [53], and LD-
Pruner [3]. Recent general-purpose frameworks, includ-
ing EcoDiff [54] and OBS-Diff [56], also follow this
compression-oriented objective.

However, these methods view pruning solely as a

means of model compression. In contrast, we find that
pruning can improve the generative quality of text-to-
image diffusion models, revealing a qualitatively differ-
ent role for sparsity beyond efficiency.

3. Method: CR-Diff
3.1. Preliminaries
Diffusion models [22, 35] generate images by progres-
sively denoising a latent variable xt through a learned
reverse diffusion process parameterized by a UNet back-
bone. Given a noisy latent xt at timestep t, the model
predicts the clean signal x̂0 conditioned on a text or im-
age prompt c. The training objective is formulated as:

L = Ex0,t,ϵ

[
∥ϵ− ϵθ(xt, t, c)∥22

]
, (1)

where ϵ ∼ N (0, I) and xt =
√
ᾱtx0 +

√
1− ᾱtϵ. The

denoising network ϵθ is realized as a hierarchical UNet
consisting of convolutional and attention-based modules
distributed across multiple feature resolutions.

Block-Specific Contribution Pattern. The UNet ar-
chitecture in diffusion models can be decomposed
into three structural stages, namely the downsampling
blocks, the middle blocks, and the upsampling blocks.
These stages operate at distinct feature scales and
serve complementary purposes in the generative pro-
cess. These functional asymmetries cause different
blocks to contribute unevenly to the denoising process.
The ablation results in Table 7a prove that optimal prun-
ing ratios vary accordingly, and applying differentiated
treatment across blocks leads to improved performance.

Resolution-Sensitive Weight Behavior. Diffusion
UNets comprise convolution layers that capture lo-
cal spatial priors and fine-grained textures, attention
layers that establish global semantic relationships and
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Figure 4. Simulated annealing (SA) search process for deter-
mining the optimal block-wise pruning ratios.

text–image alignment, feed-forward layers that reshape
intermediate feature representations, and normalization
or modulation parameters that encode activation statis-
tics across diffusion steps. Although jointly trained,
these components are implicitly adapted to the feature
and scale statistics of the trained default resolution.

Consequently, when the model is applied to unseen
resolutions, the feature distributions shift away from
those seen during training. Scale-specific weights no
longer align with the altered structure. In such cases,
these parameters can be regarded collectively as adverse
weights, referring to weights that do not align well with
the semantic structure required at non-default resolu-
tions, and can lead to degraded visual coherence when
generating at unseen resolutions.

3.2. Overall Framework
Building upon the diffusion UNet foundation introduced
above, our pruning framework seeks to preserve se-
mantically essential parameters while attenuating ad-
verse ones, thereby improving image generation. The
central idea is to apply block-wise sparsification across
the UNet hierarchy and subsequently refine the retained
subnetwork to mitigate residual degradation. As illus-
trated in Figure 3, the framework operates in two se-
quential stages, pruning and optimization.

In the pruning stage, the block-wise pruning ratio
strategy shown in Figure 5 assigns differentiated prun-
ing ratios to the downsampling, middle, and upsampling
blocks, which improves generation quality and yields a
pruned backbone that reflects intrinsic importance dis-
tributions of weights. In the optimization stage, the
pruned output amplification (POA) mechanism shown
in Figure 3 leverages differences between dense and
pruned outputs, amplifying pruned prediction while at-
tenuating residual dense signals that introduce artifacts.

After the two-stage refinement, CR-Diff can synthe-
size images from text prompts with cleaner denoising
trajectories and noticeably improved visual quality.

3.3. Block-Wise Pruning Ratio Strategy
As discussed in Section 3.1, heterogeneous weight func-
tions make uniform pruning ratios less effective on dif-
fusion UNets, which inevitably reduces local texture en-
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Figure 5. Block-wise (B-W) pruning applies differentiated
pruning ratios across blocks to preserve essential structure and
provide a pruned backbone for subsequent optimization.

coding in early downsampling blocks, diminishes global
semantic integration in middle blocks, and limits high-
frequency detail recovery in upsampling blocks, ulti-
mately compromising visual coherence and fidelity.

To this end, we employ a block-wise pruning ra-
tio strategy, in which downsampling blocks, the middle
block, and upsampling blocks of the UNet are each as-
signed distinct pruning ratios based on magnitude.

To determine the optimal pruning ratio for each
block, we adopt a simulated annealing (SA) search strat-
egy. Let r = rdown, rmid, rup denote the pruning ratio
configuration across the downsampling, middle, and up-
sampling blocks. Starting from initial configurations,
the model generates images for a fixed set of prompts,
and their ImageReward is averaged to assess the overall
performance of the current ratio setting. SA then per-
turbs and updates r iteratively, gradually refining it to
maximize generation quality. The search procedure is
illustrated in Figure 4, and the full algorithm is provided
in the supplementary material due to limited space.

Through this exploration, each block receives a ratio
that preserves critical semantic structure while suppress-
ing weights that introduce degradation in generation.

3.4. Pruned Output Amplification

To further refine the generative behavior of the pruned
model, we introduce a pruned output amplifica-
tion (POA) mechanism, which operates on the forward
denoising trajectory, as illustrated in Figure 3. At each
denoising step t, we obtain the predicted output zPt from
the pruned model and the corresponding output zDt from
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Table 1. Performance comparison on unseen resolutions. Across the evaluated models and resolutions, CR-Diff improves most
metrics relative to the dense model, with bold values indicating superior performance of our CR-Diff against the dense model.

Model Resolution FID ↓ CLIP ↑ ImageReward ↑ PickScore ↑ Aesthetic Score ↑
Dense CR-Diff Dense CR-Diff Dense CR-Diff Dense CR-Diff Dense CR-Diff

SDXL
512× 512 83.827 37.918 0.295 0.321 -0.498 0.735 20.296 22.140 4.335 5.525
400× 560 146.984 36.688 0.252 0.311 -1.734 0.092 18.608 21.074 3.494 4.672
480× 360 211.369 46.040 0.225 0.307 -2.148 -0.099 18.060 20.956 3.806 4.644

SD1.5
400× 560 39.047 39.291 0.309 0.310 0.061 0.151 21.146 21.188 4.736 4.779
480× 360 39.797 37.634 0.307 0.307 -0.068 -0.026 20.906 20.944 4.710 4.819
768× 768 38.832 38.452 0.314 0.315 -0.050 0.059 21.208 21.232 5.419 5.385

SD2.1
400× 560 48.110 35.837 0.296 0.304 -0.461 -0.068 20.374 20.540 4.190 4.428
480× 360 73.807 41.042 0.278 0.294 -0.933 -0.561 19.573 20.177 3.984 4.532
768× 768 37.198 35.237 0.317 0.318 0.334 0.419 21.695 21.451 5.583 5.339

the dense model, and then performs combination:

zt = k zPt + (1− k) zDt , (2)

where the amplification coefficient k determines the rel-
ative contribution of the pruned and dense outputs.

Because zPt −zDt represents the pruning-induced shift
that improves generative behavior, choosing k > 1 se-
lectively amplifies this beneficial direction while sup-
pressing residual artifact-inducing tendencies inherited
from the dense model. This step-by-step refinement sta-
bilizes the denoising trajectory and preserves structural
consistency throughout sampling. After applying both
block-wise pruning and POA, the resulting model pro-
duces higher-quality images directly from text prompts.

4. Experiments
4.1. Settings
Models and Resolutions. To assess the effectiveness
of CR-Diff, we apply pruning to three UNet–based dif-
fusion models across both their default training resolu-
tions and a set of unseen resolutions. For SDXL [33], in
addition to its default 1024× 1024 resolution, we evalu-
ate performance at 512×512, 400×560, and 480×360.
For SD1.5 and SD2.1 [35], beyond the default 512×512,
we likewise consider 400×560, 480×360 ,and 768×768
as unseen settings. This setup enables us to examine how
pruning influences generative robustness when moving
away from the resolution regime on which the model
was originally trained. In the following experiments, all
resolutions are expressed in the format height × width.

Evaluation Metrics. We evaluate our method on a
subset of 5K prompts sampled from the MS-COCO
2014 validation set [27]. Performance is measured along
three dimensions: image fidelity, text–image alignment,
and aesthetic preference. Specifically, Fréchet Incep-
tion Distance (FID) [21] is used to assess image qual-
ity, while CLIP Score [20] and ImageReward [52] eval-

uate semantic alignment between text and image. Plus,
PickScore [24] and Aesthetic Score provide assessments
of aesthetic appeal and human preference consistency.

4.2. Results of CR-Diff on Unseen Resolutions

As shown in Table 1, CR-Diff demonstrates generally
improved performance across multiple diffusion back-
bones when evaluated at resolutions that deviate from
their default training settings.

For SDXL, which is originally optimized for the res-
olution at 1024× 1024, applying CR-Diff at unseen res-
olutions results in substantial and notable gains across
all evaluation metrics. The large magnitude of im-
provement suggests that scale-mismatched parameters
in SDXL strongly contribute to texture degradation and
structural inconsistency, and that CR-Diff effectively
suppresses these detrimental effects.

For SD1.5 and SD2.1, which are natively trained at
512× 512, CR-Diff also provides consistent gains when
evaluated at unseen resolutions. Improvements are re-
flected in enhanced semantic alignment as measured by
CLIP and ImageReward, as well as better visual prefer-
ence captured by PickScore and Aesthetic Score.

Compared with SDXL, however, the improvements
appear more moderate. This is due to the intrinsic reso-
lution characteristics of SD1.5 and SD2.1. Their training
data encourages coarser semantic representation, with
objects occupying larger spatial regions and containing
relatively low detail density. As a result, reducing reso-
lution does not heavily disrupt global structure because
the models are designed to perform well under limited
texture complexity.

4.3. Results of Prompt-Specific Optimization

CR-Diff already provides substantial gains over the
dense model, with improvements observed on over 85%
of evaluated prompts under global refinement. This
demonstrates that the two-stage framework is broadly
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SDXL 512× 512 in Prompt A SD1.5 512× 512 in Prompt B

Dense Global CR-Diff Specific CR-Diff Dense Global CR-Diff Specific CR-Diff
IR: -0.0615 IR: 1.5988 IR: 1.7452 IR: 0.5676 IR: 1.7417 IR: 1.7645

SD2.1 512× 512 in Prompt C SDXL 1024× 1024 in Prompt D

Dense Global CR-Diff Specific CR-Diff Dense Global CR-Diff Specific CR-Diff
IR: 0.2649 IR: 0.5879 IR: 1.0521 IR: 1.9538 IR: 1.9572 IR: 1.9775

Prompt A. A phoenix reborn from
molten lava, ultra detailed concept art

Prompt B. A photo of an as-
tronaut riding a horse on mars

Prompt C. A close-up of a tiger’s
face, intense eyes, detailed fur

Prompt D. A ballerina dancing
underwater, flowing silk dress

Figure 6. Visual comparison across three generation settings. Dense denotes the original unpruned model. Global CR-Diff applies
a pruning ratio optimized for a specific model and resolution, shared across all prompts. Specific CR-Diff further refines this ratio
for the given prompt, enabling prompt-specific optimization. Each group corresponds to a specific prompt, and the ImageReward
(IR) scores are shown below each image. Global CR-Diff improves generative fidelity in a prompt-agnostic manner, while Specific
CR-Diff further enhances semantic alignment and visual coherence for the specific prompt.

Table 2. Performance comparison on default resolutions. Across the evaluated models, CR-Diff consistently improves or maintains
performance, with bold values indicating gains over the dense model.

Model Resolution FID ↓ CLIP ↑ ImageReward↑ PickScore ↑ Aesthetic Score ↑
Dense CR-Diff Dense CR-Diff Dense CR-Diff Dense CR-Diff Dense CR-Diff

SDXL 1024× 1024 33.186 33.562 0.322 0.322 0.788 0.946 22.512 22.639 6.123 6.106
SD1.5 512× 512 38.368 37.773 0.315 0.314 0.239 0.203 21.539 21.377 5.205 5.233
SD2.1 512× 512 45.583 36.792 0.308 0.309 -0.100 -0.052 20.943 20.960 4.728 5.082

effective in enhancing overall fidelity and semantic con-
sistency across diverse scenes. Nevertheless, some
prompts involve particularly fine-grained textures, rare
materials, or compositionally intricate structures that
can benefit from more specialized treatment than what
global refinement alone can supply. For such cases, CR-
Diff provides prompt-specific optimization that tailors
pruning configurations to individual prompts, searching
for locally optimal patterns that preserve finer visual de-
tails and offer more precise prompt-dependent control.

As shown in Figure 6, the prompt-specific optimiza-
tion consistently enhances both semantic fidelity and vi-
sual coherence compared with dense models and glob-
ally optimized CR-Diff. Taking the SDXL 512 × 512
case under Prompt A as an illustrative example, the
dense model on the left fails to express phoenix fire or
molten lava and instead resembles a cold carved bird,
so the semantic intent is largely lost. The global CR-

Diff result in the middle restores the fiery theme and at-
mosphere, but the molten quality remains limited. The
prompt-specific optimized result on the right most accu-
rately conveys both the burning phoenix and the flowing
rebirth from molten lava, achieving the clearest and most
consistent expression of the prompt.

4.4. Generalization of CR-Diff

Results of CR-Diff on Default Resolutions. Al-
though CR-Diff is primarily designed to address degra-
dation at unseen resolutions, it also preserves or even
improves model performance at the default resolutions.
As shown in Table 2, across SDXL, SD1.5, and SD2.1,
the two-stage framework maintains generative fidelity
while often improving metrics. On SDXL at 1024 ×
1024, for instance, CR-Diff preserves image fidelity and
text–image alignment comparable to the dense model
with ImageReward increasing and FID remaining.
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Table 3. Performance comparison on DiTs. Bold values indicate our CR-Diff is better than the dense model. The results show that
CR-Diff preserves or even improves the generation quality, demonstrating the generalizability of our method beyond UNets.

Model Resolution FID ↓ CLIP ↑ ImageReward ↑ PickScore ↑ Aesthetic Score ↑
Dense CR-Diff Dense CR-Diff Dense CR-Diff Dense CR-Diff Dense CR-Diff

SD3Medium 512× 512 40.453 38.901 0.317 0.317 0.972 1.038 22.187 22.121 4.886 4.884
SD3Medium 1024× 1024 37.841 37.026 0.320 0.320 1.081 1.128 22.609 22.543 5.513 5.455
FLUX.dev 1024× 1024 35.799 35.708 0.311 0.312 0.945 0.935 22.793 22.775 6.295 6.263

Model_Resolution
Uniform Block-wise

Ratio IR↑ Ratio IR↑
SDXL_1024× 1024 0.124 0.921 0.295 / 0.194 / 0.236 0.946
SDXL_512× 512 0.288 0.688 0.397 / 0.434 / 0.387 0.735
SD2.1_480× 360 0.369 -0.663 0.651 / 0.138 / 0.271 -0.561

(a)
updating process

 IR

1.28 

1.32 

Block-wise
Uniform

(b)

Figure 7. Ablation results of block-wise pruning. (a) Performance comparison under uniform and block-wise pruning strategies
across different models and resolutions. For block-wise pruning, the ratios are listed in the order down-sampling / middle / up-
sampling. ImageReward (IR) of the better-performing strategy is highlighted in bold, showing that differentiated ratios improve
image quality. (b) Conceptual illustration of ImageReward trends during the updating process for the optimal pruning configuration,
showing generally higher and more stable values under block-wise pruning compared to uniform pruning.

Results of CR-Diff Applied to DiT. Furthermore,
while primarily designed for diffusion UNets, CR-Diff
can also be safely applied to Diffusion Transformer
(DiT) without causing performance degradation. We
evaluate CR-Diff on representative DiT models, includ-
ing SD3Medium [10] and Flux.dev [2]. As shown in
Table 3, the framework preserves generative fidelity at
default resolutions, and in some cases even improves
certain metrics such as ImageReward, FID, and CLIP
scores. For instance, on SD3Medium at 1024 × 1024,
ImageReward increases from 1.081 to 1.128 while FID
decreases from 37.841 to 37.026, indicating that CR-
Diff’s pruning and optimization stages generalize be-
yond UNet architectures.

4.5. Ablation Study
Block-Wise Pruning Ratio. Table 7a presents rep-
resentative examples comparing uniform pruning with
the proposed block-wise pruning strategy. Across
the shown models and resolutions, block-wise pruning
yields higher ImageReward scores than uniform prun-
ing. For instance, on SDXL at 1024 × 1024, IR im-
proves from 0.921 to 0.946, and on SDXL at 512× 512,
IR improves from 0.688 to 0.735. These results re-
flect the advantage of allocating differentiated pruning
ratios that match the functional roles of the correspond-
ing blocks. Full best pruning ratio configurations for all
resolution settings are listed in the supplementary mate-
rial, where substantial differences across downsampling,
middle, and upsampling blocks can be observed.

The evolution of ImageReward during the optimal
pruning config updating process on SDXL 512 × 512
is illustrated in Figure 7b. Uniform pruning applies the

FID

CLIP

ImageReward

PickScore

Aesthetic Score

37.918

32.23483.827

0.321

0.320

0.295

0.735

0.640

-0.498

22.140

21.933

20.296

5.5255.504

4.335 Dense
Taylor
Wanda
OBS-Diff
CR-Diff

Figure 8. Radar comparison across pruning strategies on
SDXL at 512 × 512. Five metrics are normalized with di-
rection alignment so that larger radial values denote better per-
formance. CR-Diff achieves the strongest overall results, high-
lighting its superior perceptual and semantic quality.

same ratio across all blocks and therefore tends to reduce
capacity in regions where parameters are more function-
ally critical, resulting in a lower and flatter performance
plateau during optimization. In contrast, block-wise
pruning preserves information flow more effectively,
particularly in the middle and upsampling stages that
contribute strongly to global structure and fine-grained
detail. This leads to a more favorable optimization tra-
jectory and a higher final quality level, as reflected by
the consistently stronger ImageReward scores.

Comparison of Different Pruning Criteria. Unlike
traditional pruning methods that mainly aim for effi-
ciency and seek to retain performance comparable to the
dense model, CR-Diff is designed to surpass the dense
model in generative quality. The magnitude-based prun-
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Table 4. Ablation results of the pruned output amplification
component. Values in the table denote the performance differ-
ence between models with and without POA, where consistent
positive values demonstrate the effectiveness of POA.

Resolution
ImageReward Improvement

SDXL SD1.5 SD2.1

512× 512 +0.205 +0.144 +0.236
400× 560 +0.364 +0.155 +0.266
480× 360 +0.417 +0.164 +0.261

ing in CR-Diff no longer treats gradient magnitude as
a sufficient indicator of parameter importance, since a
large gradient only reflects strong influence on the out-
put, not whether that influence is beneficial.

Here we compare our CR-Diff with other represen-
tative pruning criteria: Taylor [29], Wanda [45], and
OBS-Diff [56], on SDXL [33] at 512 × 512. Figure 8
presents the evaluation results of images generated un-
der each pruning strategy alongside the dense model in
the form of a radar plot. Although other pruning meth-
ods can yield moderate improvements over the dense
model, CR-Diff consistently delivers the strongest over-
all performance across the five metrics. Notably, CR-
Diff achieves the best results in four of the five metrics.

While Wanda achieves performance relatively close
to ours, it requires a full Hessian-free weight importance
estimation that takes approximately 420.70s per pruning
pass, whereas our magnitude-based block-wise pruning
completes in only 0.38s.

Pruned Output Amplification. Table 4 highlights the
effect of the pruned output amplification (POA) mech-
anism on ImageReward. Across all tested models and
resolutions, POA yields consistently positive ImageRe-
ward gains over the corresponding pruned baselines.
Notably, the improvement becomes even more pro-
nounced under resolution shifts. For instance, on SD1.5,
POA yields a +0.144 ImageReward gain at the default
512 × 512 resolution, and this improvement further in-
creases to +0.155 and +0.164 at unseen resolutions.
This consistent upward trend suggests that POA serves
as an effective component for enhancing pruned diffu-
sion models’ performance under cross-resolution con-
ditions. Full-resolution results and corresponding met-
rics are deferred to our supplementary material due to
limited space, where the aggregated evaluations consis-
tently confirm better performance across all resolutions.

Effect of the Amplification Coefficient k. To exam-
ine the influence of the amplification coefficient k used
in pruned output amplification, we conduct an ablation
study with k ∈ 1.5, 2.0, 2.5 and evaluate the resulting
generative performance. As shown in Table 5, k = 1.5
yields the most consistent improvements across all met-

Table 5. Ablation study on the amplification coefficient k in
POA, on SDXL (512 × 512). A moderate amplification (k =
1.5) yields the most stable performance gains across evaluation
metrics. Best per-metric values are shown in bold.

Metric K = 1.5 K = 2.0 K = 2.5

Best IR % ↑ 54.31 29.89 15.80

FID ↓ 37.918 43.08 61.71
CLIP ↑ 0.321 0.305 0.290

ImageReward↑ 0.735 -0.003 -0.557
PickScore ↑ 22.140 21.14 20.34

Aesthetic Score ↑ 5.525 5.040 4.630

rics, indicating that a moderate amplification effectively
strengthens the beneficial deviation introduced by prun-
ing while maintaining coherent semantic structure.

In contrast, increasing k to 2.0 or 2.5 leads to clear
degradation. Excessive amplification suppresses mean-
ingful residual signals from the dense output, resulting
in weakened semantic alignment and reduced perceptual
fidelity. For instance, ImageReward drops from 0.514 to
−0.557, and FID rises from 37.21 to 61.71 when k in-
creases from 1.5 to 2.5. This highlights that the improve-
ment brought by POA arises from balancing the contri-
butions of the pruned and dense outputs, rather than re-
placing the latter entirely.

Overall, k = 1.5 achieves a stable compromise be-
tween preserving semantic faithfulness and enhancing
visual quality. Accordingly, we adopt k = 1.5 as the
default setting in all main experiments.

5. Conclusion

This work introduces CR-Diff, a pruning-based ap-
proach to improve cross-resolution consistency in
UNet–based text-to-image diffusion models. CR-Diff
operates in two stages. First, a block-wise pruning
strategy allocates differentiated pruning ratios to the
downsampling, middle, and upsampling blocks, pre-
serving resolution-stable structure while removing re-
dundant parameters. Second, a pruned output amplifi-
cation mechanism refines the forward denoising trajec-
tory by amplifying the beneficial output tendencies in-
troduced by pruning and suppressing residual artifact-
related signals inherited from the dense model. Unlike
existing pruning works that typically pose pruning as
an efficiency-improving technique to reduce model size,
here we expand its role, for the first time, to improving
cross-resolution generation quality of diffusion models.
Experiments on SDXL, SD1.5, and SD2.1 demonstrate
that CR-Diff enhances perceptual fidelity and semantic
coherence at unseen resolutions while preserving per-
formance at default resolutions and on DiT models. CR-
Diff also supports optional prompt-specific optimization
for adaptive, on-demand enhancement.
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