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Abstract

With growing interest in deploying text-to-video (T2V) mod-
els in resource-constrained environments, reducing their
high computational cost has become crucial, leading to
extensive research on pruning and knowledge distillation
methods while maintaining performance. However, exist-
ing distillation methods primarily rely on supervised fine-
tuning (SFT), which often leads to mode collapse as pruned
models with reduced capacity fail to directly match the
teacher’s outputs, ultimately resulting in degraded quality.
To address this challenge, we propose an effective distilla-
tion method, ReDPO, that integrates DPO and SFT. Our ap-
proach leverages DPO to guide the student model to focus
on recovering only the targeted properties, rather than pas-
sively imitating the teacher, while also utilizing SFT to en-
hance overall performance. We additionally propose V.L.P,
a novel framework for filtering and curating high-quality
pair datasets, along with a step-by-step online approach for
calibrated training. We validate our method on two leading
T2V models, VideoCrafter2 and AnimateDIff, achieving pa-
rameter reduction of 36.2% and 67.5% each, while main-
taining or even surpassing the performance of full models.
Further experiments demonstrate the effectiveness of both
ReDPO and V.I.P. framework in enabling efficient and high-
quality video generation. Our code and videos are available

1. Introduction

Recent advancements in video generation models have sig-
nificantly improved their ability to produce high-fidelity
and temporally coherent videos. However, these models
typically require substantial computational costs and large
memory footprints, which can be prohibitive for resource-
constrained deployment. In particular, deploying on mobile
phones or edge devices with strict memory and speed con-
straints often becomes infeasible with models of this scale.
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Figure 1. Conceptual visualization of generated videos and
benchmark scores from pruned models distilled using V.L.P.
and SFT. Only the model trained with V.I.P. generates correct
concept (astronaut) with high-quality video, indicating strong text
alignment, even surpassing the full model. This indicates that
V.LP. selectively improves red (weak) dimensions while preserving
green (strong) ones, whereas SFT blindly mimics teacher, degrad-
ing even the previously better-performing aspects (text alignment).

To address these challenges, recent research has ex-
plored strategies such as pruning [19, 28, 38, 59] to de-
velop lightweight models. However, since pruned models
typically suffer from performance degradation compared to
full models, knowledge distillation [20] has emerged as a
prominent approach for preserving strong generative per-
formance, where a smaller student model learns to approx-
imate the output of a larger teacher model, achieving com-
parable performance while reducing computational cost.

Conventional knowledge distillation methods for diffu-
sion models rely largely on naively imitating the teacher’s
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outputs without addressing the limited capacity of the stu-
dent model [6, 26, 58]. These approaches transfer knowl-
edge in a direct but unstructured manner, forcing the stu-
dent model to replicate the teacher’s behavior indiscrimi-
nately. Due to the inherent capacity gap, such direct distilla-
tion—often performed by minimizing the distance between
the teacher’s and student’s predictions or features—tends
to result in a suboptimal results [5, 13, 41], as the stu-
dent model lacks the expressiveness to fully reproduce the
teacher’s outputs [35]. Therefore, refining the learning ob-
jective is essential to ensure that the student allocates its
limited capacity toward capturing critical generative pat-
terns rather than blindly mimicking the teacher’s outputs.

As a novel alternative to conventional methods with di-
rect supervision, we propose leveraging preference learn-
ing, commonly represented by Direct Preference Optimiza-
tion (DPO) [45], to improve diffusion model distillation.
Unlike conventional approaches that enforce strict align-
ment with the teacher’s outputs across all aspects, pref-
erence learning allows the student to selectively improve
properties that degrade due to pruning while avoiding the
unnecessary expenditure of its limited capacity on those that
undergo only minor deterioration or even improve. There-
fore, we formulate diffusion distillation as a preference
learning task, where the teacher’s outputs are treated as win-
ning responses and the student’s as losing responses. By
learning from contrastive feedback, rather than direct super-
vision alone, the student model can prioritize recovering the
most critical generative patterns that are negatively affected
by pruning, rather than attempting to mimic the teacher in-
discriminately. Given the unpredictability of pruning ef-
fects—where certain generative properties degrade while
others persist or even strengthen [50, 57]—this approach
enables a more adaptive and efficient transfer of knowledge.

To fully capitalize on the benefits of preference learning
in diffusion model distillation, we introduce V.I.P., a step-
by-step online distillation framework designed to iteratively
guide the student model through progressive pruning. Un-
like conventional one-shot pruning, which abruptly removes
multiple model components and forces the student to com-
pensate for drastic capacity loss, our approach adopts an
iterative pruning strategy. At each stage, we selectively re-
move specific blocks, allowing the model to gradually adapt
while maintaining generative capability. This step-by-step
adaptation, by progressively updating the student model at
each iteration rather than all at once, ensures that the stu-
dent model is consistently updated and enhanced, enabling
it to continually generate improved training data at each
iteration. Consequently, this iterative approach not only
mitigates the significant degradation typically resulted by
one-shot pruning but also contributes to synthesizing high-
quality preference pairs via improved student models.

Overall, our contributions are as follows:

* We present a novel distillation loss ReDPO that integrates
Direct Preference Optimization (DPO) into the diffusion
framework, making it the first to employ preference learn-
ing for pruned diffusion models.

* We propose V.I.P., a framework that incorporates an on-
policy data curation strategy and an online distillation
method, allowing pruned models to recover lost features
more effectively. By structuring pruning and distillation
in stages, our approach ensures stable optimization and
improved generative performance.

» Through extensive experiments, we demonstrate that our
method significantly outperforms existing distillation ap-
proaches, even surpassing the full model in performance,
while reducing parameters by 36.2% in VideoCrafter and
67.5% in the AnimateDiff motion module.

2. Related Works
2.1. Text to Video Generation

Text-to-video generation has gained considerable attention
due to its broad potential for various applications. Early
methods relied on traditional generative models such as
Generative Adversarial Networks (GANs) [15] and Varia-
tional Autoencoders (VAEs) [27], but these approaches of-
ten produced low-quality, short videos. With the success of
image diffusion models [21, 44, 48], recent methods extend
them to video diffusion models by introducing additional
temporal layers on top of the spatial layers in existing 2D
diffusion models [3, 4, 7, 17, 29]. This approach effectively
carries over the strong generative capabilities of image dif-
fusion models to the video domain. However, while these
advancements have enabled high-resolution video genera-
tion, their substantial computational costs, limiting practical
use for real-world applications. To address this, we propose
a distillation-based approach that reduces model size while
keeping generative capabilities largely intact. Unlike prior
methods that focus only on naive pruning or supervised
fine-tuning, we introduce a targeted and adaptive mecha-
nism to prioritize and recover the most critical generative
properties sacrificed by aggressive pruning.

2.2. Diffusion Distillation

Diffusion models are computationally intensive, requiring
pruning-based optimization for efficiency. While pruning
removes redundancy with minimal performance loss, it of-
ten requires further training. Some works [26, 30, 58, 62,
65] finetune pruned models with diffusion loss, which re-
quires substantial data and computation. BK-SDM [26]
introduces knowledge distillation [20] by minimizing the
distance between noise predictions of pruned and original
models. However, as such exact matching is limited due to
reduced capacity [34], it further incorporates feature-level
guidance. Recent work [57] improves upon this by incorpo-
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rating adversarial loss, which sharpens distributions to mit-
igate capacity limitations. Yet, adversarial methods inher-
ently lack precise control over where sharpness is applied,
often leading to unintended distortions [33, 35] and mode
collapse [61], posing stability challenges in practical appli-
cations. Moreover, only few methods explore such tech-
niques for text-to-video diffusion, wherein temporal consis-
tency and motion fidelity become challenge and prone to
degeneration under pruning. To address this, we propose a
stepwise pruning with a novel distillation process that (i) ex-
plicitly identifies the properties that the pruned model strug-
gles with and (ii) guides the student to prioritize them in a
more adaptive, preference-driven manner.

2.3. Preference Alignment Training

Preference learning is widely used to align generative mod-
els, especially large language models (LLMs), with human
preferences [42, 66]. Traditional methods train a separate
reward model using human preference data, which subse-
quently guides model refinement via reinforcement learn-
ing (RL) algorithms such as Proximal Policy Optimiza-
tion (PPO) [49]. Recently, Direct Preference Optimization
(DPO) [45] emerged as a more streamlined alternative, by-
passing explicit reward model training and directly optimiz-
ing models against human preferences on pairwise datasets.
The simplicity of its training process has popularized DPO,
leading to various adaptations across text [1, 11, 22, 40],
images [46, 54, 63], and videos [25, 37, 64]. Despite its
widespread use, the application of preference learning in
diffusion distillation remains largely understudied, due to
the complexity of aligning iterative denoising steps with
human preferences while maintaining generative capability.
To the best of our knowledge, we are the first to tackle these
challenges by introducing a preference-guided framework
tailored for diffusion distillation. In doing so, we seam-
lessly integrate preference alignment with iterative pruning
and online distillation, enabling our method to continuously
curate training data at each stage and effectively remedy
newly emerging weaknesses in the pruned model.

3. Method

In this section, we propose V.LP. (Video diffusion dis-
tillation via Iterative Preference learning), our distillation
framework designed to efficiently transfer generative capa-
bilities from high-capacity teacher diffusion models to their
lightweight students. Motivated by limitations of standard
distillation methods, we first highlight the need for explicit
guidance into loss function (Sec. 3.1). We then describe two
key building blocks, pruning algorithm (Sec. 3.2) and data
curation (Sec. 3.3). Finally, we present V.LP. (Sec. 3.4),
which integrates our proposed loss ReDPO, and step-by-
step distillation to better reallocate the student’s limited ca-
pacity toward essential generative properties.

3.1. Motivation
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Figure 2. Conceptual illustration of learned distributions from
teacher and student models. Conventional distillation methods
(SFT) result in overly smooth distributions in low-capacity stu-
dents. Our proposed method (ReDPO) effectively reallocates the
student’s limited capacity toward the critical mode while prevent-
ing over-optimization.

Figure 2 illustrates how a well-designed distillation loss
helps capacity-constrained model effectively learn essen-
tial generative properties. Conventional distillation methods
typically transfer knowledge by minimizing the Ly distance
between teacher and student predictions or feature represen-
tations [6, 26, 58], known as supervised fine-tuning (SFT).
While this approach guarantees convergence in sufficiently
expressive models, it fails to do so when applied to models
with limited capacity. In such cases, SFT loss often leads to
a distributional averaging, where student produces samples
that do not exist in teacher’s distribution. This occurs since
minimizing SFT loss inherently prioritizes reducing overall
error over preserving fine-grained details [5, 13], resulting
in an oversmoothed generative process ( curve).

To address this, explicit guidance is required to help the
student allocate its limited capacity to the most essential
aspects of generation. We employ Direct Preference Opti-
mization (DPO) [45] to guide the student toward selectively
meaningful generative properties, rather than mimiking all
aspects of the teacher indiscriminately and wasting capac-
ity. This prevents the capacity-limited student model from
collapsing to a distributional average and enables effective
use of constrained capacity. Notably, pruned student mod-
els often exhibit selective degradation ( curve) where
some generative properties deteriorate while others remain
unaffected or even improve. Using DPO, we can explicitly
steer the student toward recovering these degraded proper-
ties rather than passively approximating the teacher’s distri-
bution, ensuring a targeted and efficient distillation process.

While DPO ideally enables the student model to allocate
capacity more efficiently, a critical challenge is its inherent
tendency to over-optimize [12, 39, 43]. This arises from the
objective, maximizing the relative likelihood (i.e., the mar-
gin) between preferred and unpreferred responses. This can
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Figure 3. Overall architecture. Starting from a baseline model My, we obtain a pruned model M;. Through a systemic evaluation &
preference data synthesis, and a training process using ReDPO, we obtain a preference-learned model M. Then, M is pruned again to
obtain M>, which will run through an iterative distillation process V.I.P.. Note that the teacher model is fixed to My, while the student

model M; is dynamically updated.

lead to an imperfect reward distribution, particularly in un-
certain regions, resulting degraded output quality and bias
toward out-of-distribution samples [39] ( curve).

To address this, we introduce the SFT loss as regularizer,
encouraging the student to mimic the teacher without rely-
ing solely on learned reward distributions. This combina-
tion results in a more balanced distillation process, avoid-
ing inefficient resource allocation while preventing over-
optimization. Building on this motivation, we propose
ReDPO, which successfully transfers knowledge from the
teacher to the student (red curve). Section 3.4.1 provides a
detailed explanation of ReDPO, while Supplementary Sec-
tion E presents toy experiment validating of our motivation.

3.2. Pruning Algorithm

For pruning blocks of model, we first evaluate the impact by
removing each block individually using VideoScore’s [18]
total score and select blocks that have minimal impact com-
pared to the full model. Here, we identify the properties
that show the performance drop relative to the full model as
the target properties for recovery. After each training step,
as shown in Algorithm | in the Supplementary Section C.1,
the same pruning process is repeated as part of our step-by-
step approach. This allows the model to progressively adapt
to the full model’s distribution, starting from easier settings
by structurally pruning less impactful modules first, thereby
facilitating a more effective learning process.

3.3. Data Curation

We perform dataset filtering in two phases: prompt filter-
ing and video filtering. Given the strong impact of prompt
quality and semantics on video generation [9, 14, 31], we
first filter prompts for quality and relevance to the targeted
attribute. Using the filtered set, we curate videos by gener-
ating and evaluating outputs from both full and pruned mod-
els, and form winning-losing pairs based on target property.

Prompt filtering. First, we select high-quality prompts
suitable for video inference and well-aligned with the tar-
geted property. Given long prompts are not well-suited for
video generation, following [18], we retain prompts with
5 to 25 words and remove articles to maintain a balanced
length. We then filter prompts that contain the targeted
property through LLM-based filtering, ensuring they ex-
plicitly describe relevant aspects that rule-based methods
often miss. For instance, to target dynamic degree, we se-
lect prompts including motion-related elements, such as ob-
ject movement or camera motion. Further details on LLM
prompting are provided in Supplementary Section F.

Video curation. Using the filtered prompts, we generate a
set of videos with both the full model and the pruned model,
then evaluate them with VideoScore, which serves as a re-
ward model. Based on the resulting scores, we construct
training pairs (v, vpmned) where the teacher outperforms
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the student for the targeted property p, and also impose a
minimum threshold 7, to prevent the inclusion of exces-
sively low-quality samples.:
S('Ufull) > S('Upruned) > Tp,

14 P
Vull € Vfu]p Upruned € V

pruned

where S(v) represents the reward of video v. This ensures
that the winning sample is of high quality while effectively
capturing cases where the pruned model underperforms.
Further details are provided in Supplementarty Section C.2

3.4. Iterative Preference Distillation

Building on a pruned model and curated data, our proposed
method, V.L.P,, introduces two key components: integration
of SFT into DPO and step-by-step online DPO learning.

As noted in Section 3.1, despite the advantages, DPO is
prone to overoptimization, which can paradoxically degrade
the output probability of winning responses. To address
this, we integrate SFT into DPO as regularizer. Moreover,
standard DPO operates offline, relying entirely on static
datasets. In contrast, online methods like PPO [49] sample
training data and update policy iteratively, and have been
shown to outperform offline approaches [10, 24, 52, 53],
motivating recent proposals for online DPO variants [8, 16].
Inspired by theses findings, and to avoid the degradation
from one-shot pruning which leads to drastic capacity loss,
we propose step-by-step online DPO learning that incre-
mentally optimizes the student model using updated sam-
ples at each stage. To these ends, we propose ReDPO
(Regularized Diffusion Preference Optimization) and V.I.P.
(Video diffusion distillation via Iterative Preference Opti-
mization), described in the following sections.

3.4.1. ReDPO

We enhance diffusion DPO loss [54] by incorporating SFT
on preferred pairs as a regularizer, motivated by [39]. While
the KL term in DPO imposes some constraints, it is in-
sufficient to fully prevent overoptimization. SFT explicitly
aligns student with distribution of preferred samples, rein-
forcing preference probability more effectively and improv-
ing generation quality.

We set ..y as the full model and 7y as the pruned
model. The key idea behind ReDPO is that, given curated
dataset, it selectively align the pruned model my with the
full model 7. s, while preserving aspects where the pruned
model may already outperform the teacher.

To achieve this, objective Lg; f—dpo(6) is as follows :

Liitf—apo(0) =
= Blap @l )nD, tn(0,1), o ~q(a o), 2 ~a(aloh)
log o (—BTw(A:)( €))
€ — eg(axy, t)|I5 — [l€” — eres(ay’, 1)]I5

— (lle' — e 1)II3 — €' — ewer(@t, 1)]3)))

Here, eg(x}’,t) and €,.f(x}’,t) denote the noise predicted
by mg and 7, ¢, respectively. The SF'T regularization term
on the preferred pair is defined as:

Lspr(0) = |leo(m)’, t) — ewr(zt’,)]|I5 ()
Therefore, our final ReDPO loss is as follows :

Lreppro(9) = Laiff—dpo(8) + wsprLspr(0) 3)

wgpr is the weight of SFT loss. Furthermore, although
ReDPO was specifically utilized for distillation task in this
work, we emphasize that it can be applied robustly for gen-
eral diffusion preference alignment purposes. We analyze
the effect of wgpr in Supplementary Section D.1.

3.4.2. VI.P.

The overall workflow of V.I.P. is shown in Figure 3. We be-
gin by pruning the full (teacher) model M into a smaller
model M;(Section 3.2). Both models (M, and M;) gen-
erate videos for the same targeted prompts (Section 3.3),
forming winning (from Mj) and losing (from M) pairs.
These pairs are used to distill knowledge from M into
the pruned model via our preference-based distillation loss
ReDPO, resulting in trained pruned model, Mj. This re-
finement process repeats iteratively. The refined model M
further pruned to M>. In each subsequent iteration, the full
model M continues to produce the winning samples, while
the current pruned model (e.g., Ms) generates updated los-
ing samples based on targeted prompts identified through
systematic evaluation of its deficiencies. These dynamically
updated pairs form the training data for the next round of
distillation. This iterative, online distillation cycle ensures
pruned models to progressively adapt by consistently tar-
geting and mitigating their latest performance weaknesses.

4. Experiments

In this section, we outline our evaluation approach. Sec-
tion 4.1 describes the experimental setup, covering bench-
marks, baseline models, datasets, and hyperparameters.
Section 4.2 presents both quantitative and qualitative analy-
ses across various settings, comparing V.I.P., SFT-based dis-
tillation, and the full (teacher) model. An ablation study in
Section 4.3 highlights the impact of each components. Fur-
ther experimental details are in Supplementary Section C.

4.1. Settings

Evaluation details. We evaluated our models using
VideoScore [18] and VBench [23]. VideoScore is hu-
man preference-aligned model trained on human-annotated
dataset, while VBench is preference-aligned for aesthetics
but uses rule-based for other attributes. We used the official
test sets provided by each models. To improve motion eval-
uation, we propose a revised dynamic score for VBench.
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Visual Temporal = Dynamic Text
Model Stage Method Quality Consistency  Degree  Alignment Average Param(B)
Full \ 2.627 2.602 2.728 2.491 2.613 1.413
. fter2  Stage 1 Pruned 2.609 2.588 2.744 2.487 2.609 1174
VideoCrafter €1 ReDPO (ours) | 2.630 2.608 2731 2510 2.620 :
Stace 2 Pruned 2.627 2.595 2.725 2.486 2.608 0.902
£ ReDPO (ours) | 2.629 2.617 2.728 2.518 2.623 (+0.010) '
Full \ 2.575 2.505 2.684 2.486 2.563 0.453
Stage 1 Pruned 2.561 2.494 2713 2.488 2.564 0.309
. ) g ReDPO (ours) 2.579 2.524 2.685 2.499 2.572 '
AnimateDiff
Stace 2 Pruned 2.553 2.478 2.718 2.470 2.555 0219
£ ReDPO (ours) | 2.583 2.525 2.688 2.496 2.573 '
Stage 3 Pruned 2.552 2.469 2.736 2.505 2.566 0.147
& ReDPO (ours) | 2.569 2.513 2.695 2.496 2.568 (+0.005) '

Table 1. VideoScore results across stages with V.I.P. applied to two baseline models. The yellow-highlighted scores indicate our target
training property, while the blue numbers represent the average improvement achieved by V.I.P. compared to the full model. Our method
not only successfully recovers performance lost due to pruning but also consistently surpasses the full model across nearly all evaluation
criteria for both baselines. Our approach achieves these enhancements while reducing the parameter count by between 36.2% and 67.5%.

Noted in [32], high dynamic scores are not always ideal-
some prompts naturally require static motion, and gener-
ating appropriate stillness can reflect better model under-
standing. However, many static prompts are included in
VBench’s dynamic set, making it difficult to fairly assess
motion quality. To address this, we manually re-annotated
the dynamic test set, labeling prompts as either static or dy-
namic. For static prompts, we assigned a dynamic score of
zero, ensuring that models are rewarded for correctly gen-
erating still motion when appropriate.

Training details. We use AnimateDiff [17] and
VideoCrafter [7] as baselines. Since both are trained
on WebVid-10M [2], we filter prompts from this dataset to
ensure distilled knowledge lies in pretrained training distri-
bution. For pruning, since AnimateDiff uses a frozen Stable
Diffusion 1.5 [47] U-Net as its backbone and only trains the
motion module, we pruned the motion module exclusively.
For VideoCrafter, we pruned entire blocks of U-Net. Both
models were trained with 8 = 5000 and learning rate =
6e-6, following the setting of VideoDPO [37]. To match
the scale of the DPO loss, we set the SFT weight to le4
for AnimateDiff and 1e6 for VideoCrafter. All experiments
were conducted with a 2k prompt subset, batch size 2, and
2 training epochs per stage on 4 A100 GPUs.

4.2. Experimental Results

Our experimental results are presented in four parts. First,
we compare pruned models trained with our method against
both naively pruned and full models across two baselines.
Second, we evaluate the effectiveness of our ReDPO loss

against the standard distillation loss, SFT. Third, a user
study evaluates how well our method aligns with human
preferences compared to SFT and full model. Finally, we
provide qualitative examples highlighting the advantages of
V.I.P. over alternatives. In addition, we evaluate the effec-
tiveness of V.LP. under extreme conditions using a step-
distilled model and address robustness toward potential bias
from relying on single reward model by using other reward
model, as detailed in Supplementary Sections D.3 and D.4.

Performance of V.I.LP. Table | shows the results of apply-
ing our framework V.I.P. to VideoCrafter2 and Animated-
iff, with targeted properties at each stage highlighted in yel-
low. In most cases, V.I.P. not only improves the explicitly
targeted metric but also enhances other properties. Even
though some stages show slight drops in dynamic scores,
this reflects a natural trade-off, where higher temporal con-
sistency can moderate motion dynamics. Importantly, ours
maintain strong visual quality and temporal coherence. This
aligns with previous studies [32, 56, 60], which report that
excessive dynamic motion with low temporal consistency
often degrades visual quality. These findings highlight that
higher dynamics are not always preferable, and that achiev-
ing a balanced trade-off between motion and consistency is
essential for generating high-quality videos.

Moreover, our final-stage results match or exceed the full
model’s performance in all metrics for VideoCrafter2, and
show similar improvements for Animatediff. Notably, this
is achieved with a 36.2% parameter reduction and a 21%
TFLOPs drop (9.4 — 7.4) for VideoCrafter2, and a 67.5%
parameter reduction with a 33% TFLOPs drop (4.9 — 3.3)
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Model Method Quality Semantic | Subject Background Temporal Motion Dynamic Aesthetic Imaging
Score Score Consist. Consist. Flickering Smoothness  Degree Quality  Quality
SFT 82.1 72.2 96.9 98.1 98.4 98.3 38.9 62.4 67.4
VC2 ReDPO 82.3 73.9 97.5 98.2 98.2 98.1 41.7 62.6 67.7
Full | 823 736 | 968 97.7 98.1 97.9 45.8 62.9 67.6
SFT 81.0 74.7 98.2 97.8 98.1 98.3 20.8 65.2 66.5
AD ReDPO 81.3 76.8 97.8 97.9 97.9 98.3 222 66.5 66.9
Full | 813 751 | 972 97.8 98.0 98.1 26.4 65.7 67.1

Table 2. Comparison against SFT across multiple models using the VBench evaluation. Although our primary focus is a human
preference-aligned benchmark, we also assess our model’s performance on the VBench test sets, which predominantly utilize rule-based
measurements across criteria except for aesthetics. Our approach demonstrates robust performance in both Quality and Semantics, consis-
tently outperforming or matching the baseline models and surpassing the SFT-based distillation across all core criteria.

Visual Temporal Dynamic  Text

Model - Method Quality  Consist. Degree  Align.
SFT 2.628 2.613 2.724 2.505

V2 ReDPO | 2.629 2.617 2.728 2.518
Full ‘ 2.627 2.602 2.728 2.491

SFT 2.564 2.515 2.679 2.477

AD ReDPO | 2.569 2.513 2.695 2.496
Full ‘ 2.575 2.505 2.684 2.486

Table 3. Comparison against SFT across multiple models on
Videoscore. Bold stands for first place, underline stands for sec-
ond place. Our approach achieves at least second place in all cri-
teria, surpassing both SFT-based distillation and the baseline.

for AnimateDiff. These results indicate that our method
preserves the strengths inherent in the pruned models, mit-
igates prior weaknesses, enabling pruned models to outper-
form full counterparts in both quality and efficiency.

Comparison with SFT. For fair comparison with SFT,
we retained our pruning strategy, data curation procedure,
and iterative online framework unchanged, replacing only
our proposed ReDPO with the SFT loss. Tables 3 and 2
present results comparing SFT-based distillation with full
models on VideoScore and VBench test sets, respectively.
Compared to SFT, ReDPO consistently outperforms
across most metrics on both VideoCrafter2 and Animate-
diff. This is due to fundamental limitation of SFT, which
drives distilled models toward averaged predictions under
reduced capacity, resulting in blurry outputs and weaker
motion dynamics. Such averaging adversely impacts text
alignment and overall visual quality. Furthermore, since
SFT explicitly attempts to replicate the full model’s behav-
ior, it inadvertently reduces properties that pruned models
originally excelled, causing unnecessary performance de-
terioration. In contrast, our method explicitly targets de-
graded properties and allocates capacity more effectively,

Ranking AnimateDiff VideoCrafter 2
Score
SFT 0.309 0.317
Full 0338 0332
ReDPO 0353 0351

Figure 4. Results of User Study. The results demonstrate that
ours outperforms other baselines, indicating that ReDPO effec-
tively distills the underperforming dimensions from the full model.

guiding the student to focus on essential aspects, resulting
in consistently better performance than SFT.

User study. We also present the user study results in Fig-
ure 4, demonstrating that V.I.LP. significantly outperforms
both Full and SFT in terms of overall preference. This re-
sults demonstrate that the model trained with our ReDPO
also effectively aligns with human preferences. Further de-
tails are provided in Supplementary Section C.4.

Visualization. As shown in Figure 5, the left illustrates
results from VideoCrafter2 and the right from AnimateD-
iff. In the left side of Figure 5, only our V.I.P. framework
enables the model to generate a video including security
guard, properly reflecting the given prompt while others fail
to depict the intended concept. On the right side, Animate-
Diff trained with ReDPO produces the highest visual qual-
ity and consistency. The spaceship retains detailed struc-
ture, and the background appears more vibrant. In contrast,
SFT yields colorless, blurry frames with inconsistent mo-
tion where the tail of the spaceship changing across frames.
The full model, while more colorful than SFT, also exhibits
distortions in the spaceship shape and temporal inconsis-
tency. Despite reduced parameters, V.I.P. framework en-
ables high-quality generation through effective distillation.
Further qualitative results can be found in Supplementary.
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“The bank lobby is bustlin with customers. Security Vguards patrol the area.” “fast flying forward through the galaxy”

Figure 5. Quantitative results of videos with VideoCrafter2 (left) and AnimateDiff (right) using the full and pruned model with
different distillation methods. On the left, only the V.I.P.-trained model successfully generates a security guard, aligning with the prompt.
On the right, the V.I.P. trained pruned AnimateDiff achieves the highest visual quality and consistency, whereas other models produce

colorless spaceship and blurry outputs.

Model  Method Visual Temporal Dynamic  Text

Quality  Consist. Degree  Align.

w/o SFT 2.625 2.583 2.729 2.471

vC2 w/o online  2.626 2.603 2.719 2.483
V.LP. 2.629 2.617 2.728 2.518

w/o SFT 2.563 2.437 2.744 2.480

AD w/o online  2.564 2.506 2.670 2.498
V.L.P. 2.569 2.513 2.695 2.496

Table 4. Results of ablation study. The model with our full
V.L.P. outperforms other methods, demonstrating the effectiveness
of ReDPO and iterative training.

4.3. Ablation Study

Table 4 presents the ablation study results on the impact of
SFT implementation in our ReDPO loss and the effective-
ness of our V.I.P. framework for the online setting. For SFT
ablation, we kept the entire framework unchanged and mod-
ified only the loss function, and in the offline ablation, we
removed all modules at once and trained using ReDPO.

When SFT is removed from ReDPO, we observe a per-
formance drop across nearly all properties in Table 4, con-
firming that SFT plays a crucial role in maintaining perfor-
mance. Although the dynamic degree is higher than ours,
the drop in consistency indicates that poor motion quality
videos are generated. As mentioned earlier, SFT is incor-
porated as DPO by directly maximizing the relative likeli-
hood of preferred versus losing responses, which can para-
doxically degrade the absolute quality of preferred outputs.
Therefore, SFT helps explicitly constrain the preference

probability to be higher, ensuring high-quality generations.

Compared to offline setting, our method achieves supe-
rior performance across most properties. This highlights
the effectiveness of progressively pruning modules and re-
ducing capacity while analyzing degraded properties, rather
than dropping the model’s capacity all at once. Also, by
iteratively generating datasets from pruned models in an
on-policy manner, the model enables self-reflection, bet-
ter aligning with the full model’s distribution and produce
high-quality videos. Details and additional evaluations are
provided in Supplementary Section D.

5. Conclusion

In this work, we introduced ReDPO, a novel distillation loss
for diffusion models, and V.I.P., a new framework that inte-
grates ReDPO into an online step-by-step distillation pro-
cess. To overcome the limitations of conventional SFT-
based distillation, we leverage preference learning through
DPO to explicitly guide the model toward targeted prop-
erty. To address DPO’s tendency toward over-optimization,
we incorporate SFT-based regularization term, resulting in
more stable and effective training. Our ReDPO consistently
outperform SFT in distillation quality, and when combined
with our iterative online step-by-step distillation process,
enables pruned model to achieve performance comparable
to, and in some cases surpassing, the full model, while sig-
nificantly reducing the number of parameters. This high-
lights the effectiveness of our approach in enhancing effi-
ciency without compromising generative quality.
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