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Abstract. Large-scale vision generative models, including diffusion and
flow models, have demonstrated remarkable performance in visual gen-
eration tasks. However, transferring these pre-trained models to down-
stream tasks often results in significant parameter redundancy. In this
paper, we propose EntPruner, an entropy-guided automatic progressive
pruning framework for diffusion and flow models. First, we introduce
entropy-guided pruning, a block-level importance assessment strategy
specifically designed for generative models. Unlike discriminative models,
generative models require preserving the diversity and condition-fidelity
of the output distribution. As the importance of each module can vary
significantly across downstream tasks, EntPruner prioritizes pruning of
less important blocks using data-dependent Conditional Entropy Devia-
tion (CED) metric. CED quantifies how much the distribution diverges
from the learned conditional data distribution after removing a block.
Second, we propose a zero-shot adaptive pruning framework to auto-
matically determine when and how much to prune during training. This
dynamic strategy avoids the pitfalls of one-shot pruning, mitigating mode
collapse, and preserving model performance. Extensive experiments on
DiT and SiT models demonstrate the effectiveness of EntPruner, achiev-
ing up to 2.22x inference speedup while maintaining competitive gener-
ation quality on ImageNet and three downstream datasets.
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1 Introduction

A myriad of recent breakthroughs in diffusion and flow models have demon-
strated their remarkable capabilities in image generation. The success has also
been extended to audio, video, and language domains [14.|44]/55]. The Denois-
ing Diffusion Probabilistic Model (DDPM) [12] highlighted the effectiveness of
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Fig. 1: (a) Generated results of a series of flow models pruned by EntPruner.
Entpruner achieves up to 2.22x speedup while maintaining generation quality. Base
model: SiT-XL/2 with ODE solver, CFG=4.0, 250 sampling steps. (b) Effect of re-
moving different number of blocks in SiT. Strong correlation between Conditional
Entropy Deviation (CED) and loss confirms CED’s effectiveness in quantifying block
importance in flow models.

the U-Net backbone. Recently, owing to the superior performance of Diffusion
Transformers , studies have increasingly adopted transformer-based architec-
tures. Lipman et al. further introduced Flow Matching, a more direct and
faster generative trajectory that offers an alternative perspective on training
and inference for diffusion models. While diffusion models have evolved rapidly
in recent years, achieving near-photorealistic quality, their practical deployment
remains limited due to computational inefficiency. Recent trends in architectural
design—particularly the adoption of transformer-based backbones like DiT
and SiT —have significantly improved scalability and expressivity. However,
these advancements come at the cost of increased parameter counts and memory
usage. These models suffer from efficiency issues when deployed on edge devices
or used in low-latency settings such as interactive applications. The high com-
putational cost and slow inference speed of diffusion and flow models motivate
us to explore more effective solutions.

To solve these problems, a majority of the arts have explored efficient prun-
ing strategies for Stable Diffusion (SD) models . BK-SDM employs a
heuristically handcrafted pruning scheme and leverages distillation to recover
performance after pruning. However, its manual design limits transferability and
requires substantial human efforts and computational costs. Diff-Pruning IEI re-
moves filters by identifying unimportant weights through gradient analysis, but
its threshold must be tuned for specific tasks, restricting practical applicabil-
ity. LD-Pruner [3] introduces a novel metric to evaluate the importance of each
operator and prunes unimportant convolutional and attention layers, but this
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metric is task-independent. Critically, these approaches treat diffusion models as
discriminative networks, failing to account for how pruning affects the generative
output distribution. Their reliance on weight magnitudes or gradient-based met-
rics overlooks the distributional properties that define generative model quality.

These discrepancies raise a critical challenge: how to adaptively compress dif-
fusion models while preserving their distributional expressiveness, diver-
sity, and condition-fidelity? Current pruning methods fail to address this in
a task-aware and scalable manner, especially when applied to transformer-based
diffusion backbones. Furthermore, prior pruning work has also demonstrated a
delicate trade-off between model performance and pruning ratio: aggressive prun-
ing often leads to instability and catastrophic forgetting or distribution collapse,
making the post-pruning training process inefficient. These challenges highlight
the need for a efficient, and robust pruning framework that can adapt to various
downstream settings while preserving the learned generative distribution.

Numerous studies have demonstrated that
not all parameters in deep neural networks con-
tribute equally to model performance |7}/10}/16,
22,150,/52|. We observe that removing different
blocks causes different types of distribution de-
viation in generative models. As shown in Fig.
the signed entropy change reveals two dis-
tinct patterns: positive values indicate drift
toward randommness or noise (increased en-
tropy), while negative values indicate mode col-
lapse or oversimplified solutions (decreased
entropy). For instance, SiT-XL/2 exhibits crit-
ical positive deviations in mid-layers (block 6),
while DiT-XL/2 shows substantial negative de-
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Fig. 2: Signed CED for each
block in SiT-XL /2 and DiT-
XL/2. The sign of CED re-
veals the type of distributional

viations in final layers (blocks 27-28), suggesting
architectural differences in how blocks maintain
distributional balance. This observation moti-
vates us to measure the absolute change of en-
tropy as a generative-specific importance metric
that quantifies the magnitude of distribution de-
viation after removing each block.

degradation: positive values in-
dicate drift toward random-
ness/noise (increased entropy),
while negative values indicate
mode collapse or oversimplified
solutions (decreased entropy).
Critical blocks exhibit large ab-
solute CED.

We propose a task-aware pruning framework
for diffusion and flow models. The framework
performs block-level structured pruning through
a two-stage process: 1) Entropy-Guided Importance Estimation: We evaluate
block importance in the pretrained generative model using Conditional Entropy
Deviation (CED), which quantifies how much the distribution diverges from the
learned conditional data distribution after removing each block. This enables
us to rank blocks based on their contribution to maintaining distributional ex-
pressiveness, diversity, and condition-fidelity. 2) Zero-shot Adaptive Pruning:
We propose a zero-shot adaptive pruning framework that automatically deter-
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mines when and how much to prune during training. Unlike one-shot pruning
that removes layers at initialization, our progressive approach adapts the prun-
ing schedule dynamically based on training dynamics. To enable efficient pruning
decisions without additional validation overhead, we integrate multiple zero-shot
metrics, allowing us to reformulate pruning as a lightweight architecture search
problem that can be solved with minimal computational cost.

Our framework accurately identifies the least important components for each
downstream task, thereby minimizing distribution deviation from the pretrained
model. It autonomously determines the optimal pruning schedule at different
training stages, resulting in faster convergence while maintaining near-lossless
performance. Through extensive experiments on multiple benchmark datasets
and two widely-used diffusion architectures (DiT and SiT), we show that our
entropy-guided pruning framework not only reduces model size and inference
cost but also achieves superior or comparable generative performance compared
to full fine-tuning and existing pruning baselines. As demonstrated in Fig. [[[a),
EntPruner maintains high visual quality even at aggressive pruning ratios, vali-
dating that CED-guided adaptive pruning effectively preserves the learned dis-
tribution. This work bridges a gap in the compression of diffusion Transformers
and offers a practical solution for their deployment in resource-constrained en-
vironments. The main contributions are summarized as follows:

— We introduce Conditional Entropy Deviation (CED), a generative-specific
metric that measures distribution deviation after removing each block, en-
abling importance ranking that preserves diversity and condition-fidelity dur-
ing pruning.

— We propose EntPruner, a zero-shot adaptive pruning framework that auto-
matically determines when and how much to prune during training, achieving
stable convergence with minimal loss of distributional quality.

— Our method achieves an average FID drop of only 1.76 at 50% pruning rate
with 2.22x inference speedup, demonstrating effectiveness across different
diffusion and flow models on multiple benchmark datasets.

2 Related Work

Diffusion Models [12,/43}/54] have achieved remarkable progress in image syn-
thesis, with recent designs shifting from U-Nets to Transformer backbones for
better scalability [4,34L38]. While prior works such as DiT, SiT, and PixArt-«
have focused on improving generative performance in large-scale diffusion mod-
els, our work instead targets the compression and efficient deployment of these
Transformer-based architectures through structured Entropy-guided pruning.

Automated Machine Learning. AutoML automates model design and op-
timization [8}/31,|45]. These techniques collectively reduce the need for manual
intervention and enable the efficient discovery of high-performing models across
diverse tasks. By simplifying the bi-level optimization problem inherent in Au-
toML, NAS approaches fall into multi-shot [40}45], one-shot [11,{19H21}39,[39]
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46, 48|, and zero-shot [13}28}|[51|categories. These proxies are often designed
based on theoretical insights or structural analysis of neural networks, offering
an efficient alternative to conventional NAS approaches [23]. Our method lever-
ages zero-shot NAS metrics to select and prune subnetworks from pretrained
diffusion Transformers, combining efficiency from AutoML with the stability of
pretrained models.

Efficient Inference for Diffusion Models. The inference cost of diffusion
models is primarily influenced by the number of inference steps and the com-
putational cost. Existing researches can be broadly categorized into two direc-
tions: 1) Reducing the number of sampling steps: DPM-Solver [33] advances the
numerical approximation of diffusion ODEs. Additionally, [26}[29,/41] employed
improved distillation strategy to compress the sampling steps with pre-trained
models. [32}35,53| introduces a caching mechanism to reuse highly similar fea-
tures between different sampling steps and reduce redundant computations. 2)
Compressing model architectures: works [3}/9,/17] applied structured pruning to
reduce model size and works [25] adopted quantization techniques to lower both
computation and memory requirements. In contrast, [5] proposes a one-shot com-
pression approach that leverages automated pruning and erasure mechanisms to
directly extract high-performing sub-networks from any given pre-trained model,
without requiring additional fine-tuning. [10| proposes a Progressive Channel
Pruning (PCP) framework that iteratively performs a try-select-prune strategy
across multiple layers to gradually compress the network. Our work extends this
line by reframing block-level pruning as a zero-shot NAS problem, achieving
lightweight yet performant diffusion Transformers.

3 Entropy-Guided Progressive Pruning for Diffusion and
Flow Models

3.1 Diffusion and Flow Models

Both diffusion and flow models corrupt data @, ~ p(x) by progressively injecting
noise € ~ N(0,I). A unified forward process can be written as ®; = oz, +
o€, where oy and oy are time-dependent functions. In score-matching diffusion
models, the process is usually defined on discrete time steps, and x; converges to
N(0,1) as t — oo. Flow-matching methods, in contrast, restrict the trajectory
tot € [0,1] and set ap = 01 = 1 and oy = 09 = 0, so that x; converges to
N(0,I) precisely at t = 1. In the reverse process, both flow matching and score-
based diffusion models can be implemented by learning to invert the forward
dynamics using either a stochastic differential equation (SDE) [2]| or probability
flow ordinary differential equation (ODE) [1].

3.2 Overview

Our goal is to enhance the efficiency of diffusion and flow models by remov-
ing blocks that cause minimal distribution deviation, thereby achieving model
compression without sacrificing generative quality. To this end, we establish a
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Fig. 3: Quantifying Block Importance with Conditional Entropy Deviation.
Before training, we employ CED to evaluate and rank the expressiveness of individual
blocks, where darker regions in the heatmap indicate stronger interactions with the
overall network.

pruning priority using Conditional Entropy Deviation (CED): given a target
pruning ratio r, blocks with low CED (minimal distribution deviation when re-
moved) should be pruned first, while high-CED blocks (critical for maintaining
the learned distribution) are preserved.

Prior studies have shown that aggressive one-shot pruning often disrupts the
pretrained model’s learned distribution, leading to irreversible quality degrada-
tion or mode collapse. Therefore, we propose a adaptive progressive pruning
framework that gradually removes blocks over the training process. We define a
pruning schedule ¥ that consists of a sequence of sub-networks with decreasing
model sizes. Let £ denote the task loss, {2 the model size, and w the model
parameters. The objective of progressive pruning is:

min {£(w, ), 2. (1)

To reduce the complexity of optimizing over ¥, we adopt a linear pruning
schedule based on the target pruning ratio r. The pruning process is divided
into k stages (default & = 4), with each stage consisting of s = S/k training
iterations. The schedule is defined as ¥ = {4;}¥_,, where 1, retains (1 — )%
of the original parameters.

We optimize the pruning schedule ¥ via zero-shot NAS [6], where each can-
didate subnetwork is evaluated without additional training using metrics such
as NTK condition numbers and ZiCo scores [24,/48|. These metrics jointly cap-
ture convergence properties and gradient stability, enabling ¥ to automatically
determine when and how much to prune while preserving model trainability and
distributional quality.

3.3 Quantifying Block Importance with Conditional Entropy
Deviation

Why Entropy for Generative Models? Unlike discriminative models where
layer importance can be assessed through accuracy or gradient magnitudes, gen-
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erative models require measuring how pruning affects the output distribution.
For diffusion and flow models, the goal is to preserve the learned conditional
distribution p(x) that captures both sample quality and diversity. We leverage
entropy as a natural measure of distributional uncertainty.

Entropy Quantification. Given a denoising network, let the distribution of
output be denoted as p(z), x € X, where X represents the output from the
network. The entropy is expressed as:

H(X) =— /p(a:) logp(x) de, =< X. (2)

For tractability, we assume that p(x) follows a Gaussian distribution, i.e., X ~
N(p,0?). Eq. can be written as:

H(X) = ~Eflog N (1, 0%)]
= ~Ellog[(2m0?) /2 exp(—#(f onll (3)

= log(o) + }log(%r) + L
2 2

Measuring Distribution Deviation with CED. To quantify how much re-

moving a block disrupts the learned distribution, we introduce Conditional En-

tropy Deviation (CED). As shown in Fig. [3 CED measures the absolute change

in entropy after removing each block, capturing the magnitude of distribution

deviation regardless of direction:

CED’L = |Horiginal(X> - 7'Lpered(}(y Z)| (4)

= |H(X) — H(X | Drop{block;})|,
where H(X) denotes the entropy of the original network output, and H(X |
Drop{block;}) represents the entropy after dropping the i-th block.
Interpreting CED. The sign of the entropy change reveals the type of dis-
tribution deviation: positive values (Hpruned > Horiginal) indicate drift toward
randomness, while negative values (Hpruned < Horiginal) indicate mode collapse
or oversimplified solutions. Both directions signal that the block is critical. For
importance ranking, we use the absolute value CED;: blocks with low CED ex-
hibit minimal distribution deviation when removed (redundant), while high-CED
blocks are structurally critical for maintaining the learned distribution.

3.4 Automatic Pruning via Zero-Shot Metrics.

After quantifying block importance, we gradually remove less important blocks
over the training process following a adaptive pruning schedule ¥. As shown in
Fig. [l we automatically decide the pruning schedule ¥ in a efficient way using
zero-shot predictors. Assume that K is a zero-shot performance predictor used
to estimate the loss of each candidate sub-network. The optimal sub-network at
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Fig. 4: Automatic Pruning via Zero-Shot Metrics.At each progressive pruning
stage during training, the pruning schedule explores candidate sub-networks under
different pruning ratios, selects the optimal one using zero-shot proxies, and inherits
parameters from the previous stage.

stage k can be identified by solving:

Y, = argmin {K(w (1)), 2},
PYr€AL (5)

where Ap ={¢ € ¢ |w®)| < |w(tbr_1)|}.

where Ay denotes the set of candidate sub-networks whose parameter sizes are
no larger than that of 1,_1, the sub-network from the previous pruning stage.
Trainability via the NTK Condition Number in Flow Matching. The
trainability of a neural network reflects how effectively it can be optimized via
gradient descent. While larger models offer more expressivity, this does not guar-
antee practical trainability. The Neural Tangent Kernel (NTK) provides a useful
tool for analyzing convergence in the infinite-width regime |15}37].

In flow matching, a denoising network learns the velocity field v (¢, bma;) that
transports noisy samples x; = azx, + o€ toward data x.. The true velocity is
v(t,xt) = dpx, + dre, and the model vy(xy,t) is trained to approximate it. For
a candidate sub-network with parameters w, the update of predicted velocity
satisfies

Av(z,) = —1O(xy, @) Vv (xy) L, (6)

where © is the NTK of the velocity predictor.

In the infinite-width limit, the training dynamics are governed by the eigen-
values {\;} of ©. The maximum stable learning rate scales as 7 ~ 2 /Ao, while the
convergence of the slowest mode depends on 1/k, where k = A\g/A,. A smaller
indicates faster and more stable convergence. Thus, we adopt the NTK condition
number as a zero-shot metric:

Kul) = 32 7)

where \g and A, denote the largest and smallest eigenvalues of the NTK, re-
spectively. More details are provided in the Supplementary.

Convergence Rate and Generalization Capacity via Gradient Analy-
sis. Convergence and expressivity also directly influence the final performance
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of a neural network. After a number of training steps, a network with a larger
absolute mean of gradient and smaller standard deviation of gradient is gener-
ally associated with lower training loss and faster convergence. Interestingly, a
smaller gradient variance often correlates with a lower maximum eigenvalue ©
of the NTK, which implies a smoother loss landscape and better generalization
performance [18].

We adopt ZiCo as one of the zero-shot metrics, which jointly considers the
absolute mean and standard deviation of gradient. The parameters of a candidate
sub-network w are also inherited from the trained parameters w, of the previous
pruning stage. Since the ZiCo metric has been shown to correlate positively with
network trainability, we introduce a negative sign to make it positively correlated
with loss, allowing it to be minimized during optimization:

3 E[|VuL"|
iCo = — lo — | -
Kzico(¥) ; g (;@; (VL) (8)
where N denotes the number of layers in the candidate sub-network, w; is the
set of parameters in the [*® layer, £* is the loss L(zy,, vii;w), i € {1,...,D}
and D is the number of training batches, typically set to 2 to balance stability
and efficiency.

3.5 Entropy-Guided Adaptive Pruning Framework

We summarize the overall algorithmic workflow of EntPruner as follows. First, we
perform block-level importance ranking using CED to evaluate the contribution
of each block in the pretrained model (Fig. [3)). Second, we employ two zero-
shot proxies to guide the pruning schedule at each training stage (Fig. . The
optimization objective of the adaptive pruning can be reformulated from Eq. :

i, = arg min {K(vhi), Kzico(1r), 2} (9)

A key challenge lies in how to jointly optimize the two proxies. We assume both
proxies are equally important for maintaining network performance and training
efficiency. A common strategy is to apply a voting-based algorithm to select the
optimal candidate sub-network. This approach helps mitigate differences in scale
between the two metrics. Additionally, we incorporate model’ parameters as a
regularization term in the selection process to encourage model efficiency. The
final optimization is defined as:

r=arg min R ,
P g'l/)ke/lk (r)

s.t.R(r) = R(Kw(r)) + R(Kzico(¥r)) + vR(£2).

where R(:) denotes the ranking score (e.g., 1st, 2nd, ..., R-th) and v is the
regularization factor, set to 0.5. The candidate with the lowest rank in each
individual metric receives the smallest score, and the sub-network 1; with the
lowest total rank is selected for the next training stage. Please refer to the
Supplementary for the Algorithm of EntPruner.

(10)
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Fig. 5: Qualitative comparison of flow models pruned by different methods.
Base model is SiT-XL/2, with 35% pruning rate. Datasets are Flowers (column 1-2),
CUB (column 3-4), and ArtBench (column 5-6).

4 Experiment

4.1 Implementation Details

Training. We evaluate the effectiveness of our proposed method on DiT-XL/2
and SiT-XL/2 models with an image resolution of 256 x256. We conduct exper-
iments on both diffusion-based DiT and flow-matching-based SiT. All experi-
ments are conducted on a computing platform equipped with 8 NVIDIA A800
GPUs (80 GB), with DiT trained for 240K steps and SiT for 60K steps. We fine-
tune SiT and DiT on downstream tasks following the configuration in .
Evaluation. For the DiT model, we adopt the DDPM sampler, while for SiT, we
employ an ODE solver and SDE solver. We report results based on 50 sampling
steps. To assess generative quality, we utilize two widely adopted evaluation
metrics: Fréchet Inception Distance (FID) and Inception Score (IS). We measure
efficiency using inference latency and the number of parameters.

Datasets. We evaluate our pruning method on ImageNet and three fine-grained
image datasets: CUB-200-2011 [47], Oxford Flowers [36], and ArtBench-10 [27].
Notably, ArtBench-10 exhibits a distribution that significantly differs from Im-
ageNet, allowing us to comprehensively evaluate the generalization performance
of EntPruner on out of distribution tasks.

4.2 Entropy-Guided Adaptive Pruning on Downstream Datasets

Class to Image Generation with Flow Models. To evaluate the effective-
ness of our approach, we compare it with LD-Pruner [3| on the SiT architecture.
As shown in Tab. [I] our method consistently outperforms LD-Pruner at both
35% and 50% pruning ratios, when pruning 35% of the parameters, we achieve
3.9%, 2.2%, and 6.9% FID improvements on the three benchmark datasets with
an ODE sampler. Notably, on Flowers dataset, our method surpasses full fine-
tuning when pruning 35% of the parameters, achieving the best overall per-
formance. We observe slight variations across different samplers, with the SDE
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Table 1: Comparison of flow models pruned by different methods. We use SiT
as the base model and evaluate with both ODE and SDE samplers on three datasets.
J} and 1 indicate whether lower or higher values are better.

, . CUB Flowers ArtBench Params

Method ‘ Sparsity ‘ FID, 1St | FID ISt ‘ FID, ISt (M) Speedup
w/ ODE sampler

Fine-tuning | /| 532 6.02 | 11.78 3.71 | 880 7.32 | 675.12 x1
LD-Pruner 35% 570  6.03 | 12.02 3.75 | 10.78 6.63 | 435.78  x1.82
Ours ° | 5.48 6.07 | 11.75 3.82 | 10.03 6.88 | 435.78 x1.82
LD-Pruner 50% 6.86 6.16 | 12.09 3.79 | 12.81 6.35 | 334.67 = x2.22
Ours ° | 6.68 6.18|11.86 3.82 | 12.65 6.41 | 334.67 Xx2.22
w/ SDE sampler

Fine-tuning | /| 517 5.87 | 1247 3.77 | 13.33  6.56 | 675.12 x1
LD-Pruner 35% 524 6.10 | 12.32 3.74 | 16.16 6.20 | 435.78  x1.49
Ours °% | 5.22 6.11 | 12.10 3.74 | 15.25 6.31 | 435.78 x1.49
LD-Pruner 50% 598 6.19 | 12.92 3.75 | 18.74 590 | 334.67  x1.85
Ours 0% | 5.83 6.15 | 12.77 3.77 | 18.69 5.90 | 334.67 x1.85

Table 2: Comparison of diffusion models trained by different methods. We
use DiT-XL/2 as the base model. Results are measured in FID.

Method | Sparsity CUB Flowers ArtBench Params (M) Speedup
Full Fine-tuning ‘ / 5.68 21.05 25.31 673.8 x1
Ours ‘ 30% 5.50 11.99 24.99 471.66 x1.33
Adapt-Parallel - 7.73 21.24 38.43 678.08 -
Adapt-Sequential - 7.00 21.36 35.04 678.08 -
BitFit - 8.81 20.31 24.53 674.41 -
VPT-Deep - 17.29 25.59 40.74 676.61 -
LoRA-R8 - 56.03 164.13 80.99 674.94 -
LoRA-R16 - 58.25 161.68 80.72 675.98 -
DiffFit - 5.48 20.18 20.87 674.63 -

sampler exhibiting longer sampling times compared to the ODE. Nevertheless,
our method consistently outperforms LD-Pruner regardless of the sampling strat-
egy. While both pruning methods exhibit performance degradation on ArtBench,
likely due to the substantial distribution gap between ArtBench and ImageNet,
EntPruner still outperforms LD-Pruner, demonstrating strong robustness and
superior generalization.

We qualitatively compare the image generation quality of EntPruner and LD-
Pruner. We use the same random seed, set the classifier-free guidance scale to
4.0, and adopt 250 sampling steps. As shown in Fig.[5] our method consistently
produces images with finer details and better quality. On the CUB and Oxford
Flowers datasets, EntPruner tends to generate close-up views of the subject,
enriching detail and enhancing aesthetic quality. On the ArtBench dataset, our
approach captures more realistic textures in structures such as houses and trees,
resulting in improved visual fidelity compared to LD-Pruner.
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Fig. 6: Generated results of a series of diffusion models pruned by Ent-
Pruner. Base model is DiT-XL/2. The pruning rates are set to 30%. Inference is
performed on the CUB (column 1-2), ArtBench (columns 3-4), and Flowers (columns
5-6) datasets, with the classifier-free guidance coeflicient set to 4.0.

cuB Flowers ArtBench
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Fig. 7: Tradeoff between computational cost (M ACs) and generative quality
(FID). Rightmost point: full model.

Class to Image Generation with Diffusion Models. We apply EntPruner
on DiT and compare with full fine-tuning. As shown in Tab. [2] our method
outperforms full fine-tuning across all three datasets. Notably, on Flowers, Ent-
Pruner reduces the FID relatively by 43.04%. Furthermore, EntPruner improves
inference efficiency, achieving a 1.33x speedup compared to full fine-tuning. In
addition, we benchmark EntPruner against state-of-the-art fine-tuning strate-
gies. Our method matches or surpasses the performance of efficient fine-tuning
baselines, while offering 1.33 x faster inference. Example of generated images are
shown in Fig.[6] On the CUB dataset, the generated results exhibit fine-grained
feather textures and natural color transitions. On the ArtBench dataset, our
method produces artwork with complete scene structure and stylistic consistency.
On the Flowers dataset, the generated results display vibrant and well-separated
color tones and clear petal boundaries.
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LD-Pruner

Ours

Fig. 8: Qualitative comparison of flow models pruned by different methods
on ImageNet 256 X 256. Base model is SiT with 30% pruning rate. Our EntPruner
consistently produces more photorealistic images with fewer generation artifacts.

Table 3: Comparison of flow models pruned by different methods on Im-
ageNet 256x256. Base model is SiT with 30% pruning rate. We also include full
model performance (marked with gray) of different generative models as a reference.

Method ‘Params (M) FID| sFID|{ ISt Precision? Recallf MACs Speedup
BigGAN-deep ‘ 112 6.95 7.36 171.4 0.87 9.28 - -
AR w/ VQGAN 227 26.52 - -
MaskGIT 227 6.18 - 182.1 - - - -
ADM 554 10.94 6.02 100.98 0.69 0.63 - -
LDM-4-G 400 3.60 - 247.67 0.87 0.48 - -
DiT-XL/2 (DDPM) 675.12 2.27  4.60 258.09 0.81 0.60 228.85 x0.43
SiT-XL/2 (ODE) 675.12 2.15  4.60 258.09 0.81 0.60 228.85 x1
BK-SDM (SiT,0ODE) 471.66 3.48 4.94  209.93 0.78 0.60 16348 x1.33
Diff-Pruning (SiT,ODE) 471.66 2.79 4.80 223.79 0.79 0.58 163.48 x1.33
LD-Pruner (SiT,ODE) 471.66 6.81 4.82 148.29 0.75 0.57 163.48 x1.33
Ours (SiT,ODE) 471.66 2.69 4.75 225.05 0.80 0.59 163.48 x1.33

Inference Efficiency Across Parameter Budgets. Fig. [7] compares the FID
scores vs. computational complexity (measured by MACs) of EntPruner and LD-
Pruner across three datasets: CUB, Flowers, and ArtBench. Notably, EntPruner
consistently outperforms LD-Pruner across all configurations. At medium com-
plexity, the gap between the two is most obvious. Tab.[[land Fig.[7]jointly demon-
strate that EntPruner maintains lower FID scores even under reduced MACs
on CUB and Flowers datasets, demonstrating better robustness in resource-
constrained settings. On ArtBench dataset, the performance gap between the
two methods is most pronounced, further highlighting EntPruner’s superior gen-
eralization ability and pruning efficiency for complex image generation tasks. See
the Supplementary for more details.

4.3 Entropy-Guided Adaptive Pruning on ImageNet 256 X256

To further demonstrate the effectiveness and robustness of our pruning method
on pretrained models, we directly apply our pruning strategy to compress models
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pretrained on ImageNet 256 x256. The experimental setup follows the same con-
figuration as Sec. where SiT is trained using flow matching. During sampling,
we employ an ODE solver and adhere to standard evaluation protocols [34}(38].
BK-SDM, Diff-Pruning, and LD-Pruning are used as baseline methods. BK-SDM
is specifically designed for SD based on heuristic strategies. We treat the first 14
blocks of SiT as the encoder and the last 14 blocks as the decoder, pruning them
in pairs with every two blocks forming one group. All three methods perform
depth pruning at the block level.

As shown in Tab. [3] with a pruning ratio of 30% on ImageNet, our method
achieves a final FID of 3.53, only a degradation of 1.38 compared to the orig-
inal SiT-XL/2. Notably, it surpasses the recent pruning method LD-Pruner by
60.5% and completely outperforms other pruning methods, further validating
our method’s ability to mitigate parameter collapse often caused by one-shot
pruning. Moreover, in terms of inference speed, our method achieves a 1.33x
speedup compared to SiT, and a 209.30% speed improvement compared to
DiT, highlighting its practical inference efficiency.

As shown in Fig. [§] we present qualitative results demonstrating the im-
pact of pruning on image generation quality. It is evident that pruning with
LD-Pruner leads to significant degradation in visual fidelity. For instance, gen-
erated images exhibit missing features such as the eyes of a dog, fine details of
a raccoon, aesthetically pleasing text on hot air balloons, well-structured cakes,
and the tusks of an elephant. In contrast, our method preserves more structural
details and visual coherence. By pruning at more appropriate stages, our ap-
proach enables the final model to maintain robust generative performance while
retaining essential semantic content.

4.4 Ablation Study

Entropy-Guided CED ranking. We perform an ablation study to evaluate
the effectiveness of entropy-guided importance ranking. Random pruning leads
to high variance and instability, so we prune blocks with the highest Condi-
tional Entropy Deviation, which are identified as most critical by our metric.
As illustrated in Tab. [ pruning blocks with high entropy causes a substantial
performance drop, which cannot be fully recovered even through continued fine-
tuning. which proves that Conditional Entropy Deviation is a reliable indicator
of parameter importance in pretrained networks.

Adaptive Pruning. We conduct an ablation study on automated pruning. The
results are presented in Tab. [4] demonstrating that one-shot pruning or prema-
ture pruning significantly degrades model performance. In contrast, our method
autonomously determines both the timing and extent of pruning, allowing the
model to maintain competitive performance, or even achieving better results
than full fine-tuning in some cases.
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Table 4: Ablation studies on CED ranking and adaptive pruning. Results
are reported with SiT on Flowers. Latency denotes the sampling time for an images
executed on a single A800 GPU.

Method ‘ FID | ISt Params (M) MACs latency (s) Speedup
Full Fine-tuning ‘ 11.78 3.71 675.12 228.85 0.20 x1
w/o CED 12.06 3.81 435.78 147.13 0.09 x1.82
w/o Ada. Pruning 11.84 3.80 435.78 147.13 0.09 x1.82
Ours ‘ 11.75 3.82 435.78 147.13 0.09 x1.82

5 Conclusion

We present EntPruner, an entropy-guided adaptive pruning framework specifi-
cally designed for diffusion and flow models. By introducing Conditional Entropy
Deviation (CED), we provide a generative-specific metric that measures distribu-
tion deviation after removing each block—capturing both drift toward random-
ness and mode collapse. Our zero-shot adaptive pruning framework automati-
cally determines when and how much to prune during training, preserving distri-
butional quality, diversity, and condition-fidelity while achieving up to 2.22x in-
ference speedup. Extensive experiments demonstrate that our method maintains
generation quality comparable to full fine-tuning across multiple benchmarks.

Societal Impacts. The ease of deployment of generative model may enable
misuse in unregulated or adversarial scenarios. We plan to limit the code and
model access for research only purposes to address potential societal impacts.
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