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Abstract

Recent advances in preference alignment for diffusion-based video generation,
particularly via Direct Preference Optimization (DPO), have significantly improved
visual quality. However, temporally sparse artifacts such as motion collapse, object
flickering, and color oversaturation remain a major barrier to perceptual realism.
Existing methods struggle with these issues due to two key limitations: (1) the
preference attribution bottleneck, where offline human annotations are costly and
fail to accurately capture learning dynamics, while online reward signals are rollout-
aware but often unstable and biased; and (2) temporal credit misallocation, where
uniformly applied supervision cannot effectively target the brief segments in which
artifacts occur. To address these challenges, we propose concentrated Implicit Pref-
erence Optimization (cIPO), a post-training framework for video diffusion models.
cIPO derives implicit preference signals directly from the denoising process: given
a real video, the model adds forward noise and reconstructs it via iterative de-
noising, treating the original as the preferred sample and the reconstruction as
the dispreferred one. This formulation captures inference-time errors without
requiring human annotations or external reward models. Moreover, frame-level
discrepancies between original and reconstructed videos reveal when failures occur.
cIPO leverages this by computing temporal reconstruction errors and concentrating
optimization on high-error segments, enabling more precise correction of failure-
prone regions. Extensive experiments demonstrate that cIPO consistently enhances
video authenticity and temporal coherence across multiple datasets, highlighting
the effectiveness and efficiency of implicit implicit preference with temporally
concentrated optimization.

1 Introduction

Recent advances in diffusion models have substantially improved the visual quality. However,
generating temporally coherent and artifact-free videos remains challenging. Unlike image generation,
where perceptual failures are often spatially localized, video generation failures are often sparse in
time: a video may appear plausible for most frames while exhibiting severe artifacts in only a few
short segments, such as motion collapse, object flickering, or abrupt temporal discontinuities. These
localized failures significantly degrade perceived video quality.

Preference optimization has recently emerged as a promising paradigm for post-training. By optimiz-
ing relative preferences between preferred and dispreferred outputs, methods such as direct preference
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Figure 1: Compared with the baseline method, our method does not rely on additional human
annotations or reward models. Besides, it can automatically identify difficult frames for training.

optimization (DPO) offer an effective alternative to explicit reward modeling. However, applying
preference optimization to video generation presents two key challenges: preference attribution

bottleneck and temporal credit misallocation.

The first challenge is the preference attribution bottleneck (where
reliable preference signals should come from). As illustrated in
Fig. 2] the core difficulty in video diffusion is not merely gener-
ating samples, but faithfully following the ideal reverse denoising
trajectory back to the video data manifold [10]. Starting from
a perturbed real video (black arrow), an ideal denoising process
should progressively recover the original sample and return to the
data distribution (blue dashed arrow). In practice, however, due
to limitations in model generative capacity, the learned denoising
trajectory often deviates from this ideal path and accumulates errors
over iterative rollout (red dashed arrow), leading to perceptual degra-
dation in the final generated video. This rollout-induced deviation
exposes a fundamental limitation of existing preference supervision.
A straightforward solution is to collect human preference annotations
by directly comparing generated videos. While such supervision is
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Figure 2: Ideal denoising
should restore the video, but
model trajectories drift due to
error accumulation, naturally
defining an implicit training
preference.

often high-quality, it is prohibitively expensive to scale and too static

to track the model’s evolving denoising behavior online. An alternative is to train reward models to
score videos generated by the current policy. This captures rollout behavior but offers only indirect
scalar signal on final outputs, and relies on external reward models, whose inherent biases may
misalign with perceptual quality and induce optimization instability and reward hacking. The key
issue is that preference signals should be both rollout-aware, so that they reflect the model’s actual
iterative generation behavior, and self-grounded, so that they arise from the model’s own denoising
dynamics rather than an external evaluator. This suggests a simple alternative paradigm: directly
treat the discrepancy between the ideal target (real video) and the model’s actual denoised result as
an implicit preference signal, and optimize the model to reduce this rollout-induced drift (as shown
by the purple arrows in Fig.[2).

The second challenge is temporal credit misallocation (where op-
timization should be applied). Even with reliable preference pairs,
video preference optimization remains inefficient if optimization is
distributed uniformly over time. We observe that errors in video
diffusion are highly non-uniform (as shown in Fig. B): A few frames
exhibit significantly larger errors. Under such sparse failure patterns,
uniform supervision wastes optimization on already well-generated
frames while weakening learning on the temporally localized seg-
ments that matter most.
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Figure 3: A few frames exhibit

To address these problems, we propose concentrated Implicit Pref- significantly larger errors.

erence Optimization (cIPO), a simple and effective framework for
aligning video diffusion models. For preference attribution bottleneck, we constructs implicit prefer-
ence supervision directly from diffusion denoising process. Given a real video, cIPO first perturbs it
with forward diffusion noise, then reconstructs it through iterative denoising using the policy model
online. This reconstruction process explicitly rolls out the model’s own inference-time denoising



trajectory, exposing the accumulated errors that emerge only during multi-step generation. The
discrepancy between the original video and its denoising result yields a naturally aligned preference
signal: the original video serves as the preferred sample, while the reconstructed video serves as
the dispreferred one. This formulation naturally aligns with the model’s actual inference process,
mitigating the training—inference mismatch without requiring human preference labels or external
reward models.

To address temporal credit misallocation, cIPO further introduces concentrated preference opti-
mization. Specifically, cIPO computes temporal reconstruction discrepancies, aggregates them over
temporal windows, and allocates preference supervision only to the highest-error segments. By
concentrating optimization on the temporal regions most responsible for perceptual degradation, cIPO
substantially improves the density, precision, and effectiveness of preference optimizations.

Our work makes three contributions: (1) We identify preference attribution and temporal credit as-
signment as two central bottlenecks in video preference learning, demonstrating that video generation
significantly exacerbates these challenges due to its iterative denoising trajectory and temporally
sparse failure patterns. (2) We propose cIPO, a post-training framework that combines implicit
denoised-based preference with concentrated temporal optimization. (3) We demonstrate that cIPO
consistently improves video authenticity and temporal coherence across multiple benchmarks, show-
ing that video preference learning benefits from implicit preference and concentrated temporal
optimization.

2 Related Work

2.1 Preference Learning for Video Generation

Video diffusion preference optimization methods can be categorized by supervision source: human
annotations, reward models, or synthetic data. Human-annotated methods directly optimize against
pairwise labels. Flow-DPO[11]] adapts DPO to video, while DenseDPO[17] uses dense segment-level
preferences to reduce motion bias. These rely on costly offline annotations and are weakly aligned
with current model failures. Reward-based methods use trained reward models. [[11} 15} 15} /16, 121]]
score outputs for RL optimization. While these scale well and offer rollout-aware feedback, they
are limited by training instability and reward hacking. Synthetic data methods avoid annotation
by heuristically degrading real videos. DF-DPO[2]] uses heuristic degradations (e.g., temporal
reversal, frame shuffling) as negatives, LocalDPO[7] enhances this with localized corruptions, and
RealDPO [1]] directly contrasts real videos with model-generated outputs offline. However, it still
does not explicitly capture how errors emerge during the denoising process itself. Overall, existing
methods depend on costly or biased external reward, whereas cIPO leverages internal online denoising
dynamics for precise, adaptive preferences.

2.2 Dynamic Temporal Sampling in Video Generation

Recent studies on dynamic sampling in video generation exploit temporal non-uniformity to achieve
non-uniform computation allocation along the temporal dimension. A representative line of work
includes DLFR-VAE [18], VGDFR [20], and DLFR-Gen [19]], which observe that motion and
information density vary substantially across time, and thus dynamically allocate fewer latent tokens
to low-motion segments while preserving denser temporal representations for high-motion regions.
Concretely, DLFR-VAE [18]] introduces a dynamic latent frame-rate scheduler in the VAE latent
space, while VGDFR [20] and DLFR-Gen [19] extend this idea to diffusion-based video generation
via adaptive latent frame-rate scheduling and latent frame merging during denoising. Existing work
dynamically redistributes computation for efficient generation, whereas our method dynamically
redistributes alignment signal for temporally precise preference optimization, directly targeting sparse
temporal artifacts such as flickering, motion collapse, and abrupt discontinuities.

3 Method

As shown in Fig. 4] cIPO framework consists of three components: (1) an implicit preference
construction mechanism that derives preference pairs from reconstruction rollouts without external
rewards; (2) a temporally concentrated selection strategy that focuses optimization on failure-prone
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Figure 4: The figure shows the three-stage pipeline of cIPO. It first builds implicit preference pairs by
reconstructing real videos through diffusion rollouts, using the original video as the preferred sample
and its reconstruction as the dispreferred one. It then detects temporally localized hard frames via
frame-wise latent reconstruction error, and finally concentrates DPO optimization on these high-error
segments to improve temporal coherence and visual quality. Note that the entire process is carried
out in the latent space. The videos in the figure are only for visual demonstration.

segments; and (3) a pairwise preference objective that improves temporal fidelity while preserving
already-correct content.

3.1 Implicit Preference Construction from Reconstruction Rollouts

Let x € & denote a real video sampled from the training distribution, and let ¢ € C denote its text
condition. We encode z into the latent space of a pretrained video VAE encoder &:

20 :5(.2?) EIRCXTXI‘IXVV7 (1)
where T’ is the number of latent frames. Let fy denote the trainable video diffusion model and fy, , a
frozen reference model. Given a diffusion starting index s, we construct a partially corrupted latent by
applying the forward diffusion process to zy. Specifically, let {tk},f:_ol denote the scheduler timesteps
and let e ~ N(0, I). We form z;, = q(z, €), where ¢ is the scheduler-induced forward noising

process at timestep 5. Starting from z;_, we run the reverse diffusion process conditioned on c using
fo over the remaining timesteps. Denoting one reverse update by ®y, we iteratively compute

2 = Po(24,, ¢ th), k=s,...,N—1, 2)
(s

and denote the terminal denoised latent by Z; .. We then define an implicit preference pair

yt=z0, oy =47, 3
where the clean latent is treated as the preferred sample and its noised-then-denoised reconstruction

as the dispreferred sample. This yields one preference pair per training instance without requiring
human annotations or a learned reward model. The specific algorithm process can refer to [C}

We found that the reconstruction effect of the first frame is very poor. To reduce the first-frame drift
and video structure collapse, we introduce a clean first-frame anchoring strategy. After obtaining y—,
we replace its first latent frame with that of the clean sample:

+ —
- yr, T7=1,
— I 4
Yr {y,., 7> 1. “)

The anchored negative ¢~ preserves a stable reference for appearance and scene layout, while
allowing later frames to expose temporal inconsistencies.



3.2 Temporal Concentration via Latent Reconstruction Error

A key observation is that temporal artifacts in generated videos are often concentrated in a few short
segments. If preference optimization is applied uniformly over all frames, the gradients contributed
by normal frames can overwhelm those from genuinely problematic segments, causing optimization
to overfit temporally uninformative regions. cIPO addresses this issue by identifying the highest-error
contiguous temporal window and restricting preference learning to that window.

For a preferred sample ¥y and an anchored negative 7, we define a framewise latent reconstruction
discrepancy

1 112

dfzmuyj—%”z, r=1,...,T. )

Here d, measures how severely the reconstruction deviates from the clean video at frame 7, 7" is the
total number of frames in the original video. Given a window length K, we score each contiguous
temporal window by its average discrepancy:

at+K—1

D(a):% > odr,  ae{l,....T-K+1}. (6)

We then select the most failure-prone window

* D W* = f{a* a* +1... a*+K—1\ .
o =arg . omax . (a), {a*,a* +1,...,a" + ) o
Finally, we restrict both the preferred and dispreferred samples to the selected window:
T 7= ®)
W+ Yy yW* .

The use of a contiguous window is essential. Selecting scattered high-error frames independently
may destroy short-range temporal structure and produce an incoherent optimization target that breaks
short-range motion dependencies and weakens temporal consistency across adjacent frames. By
contrast, Eq. (7)) preserves local motion continuity and concentrates supervision on a semantically
meaningful segment of the video.

3.3 Concentrated Implicit Preference Optimization

We now define the optimization objective. Let £y(y; ¢, t, €) denote the per-sample diffusion recon-
struction loss of model fy on a latent video y, evaluated at diffusion step ¢ with noise realization
€

1
lo(y;c it e) = | fo(ye, e t) — uly, t,e)ll3, ©9)

)
where u(y,t,¢€) is the scheduler-specific regression target [11]] and |{2| is the number of latent
elements. For a concentrated preferred sample 4+ and a concentrated negative §j—, we define the

model-reference reconstruction gap

AH (y) == EO (ya c, ta 6) - g&ref (y’ C, ta 6)' (10)
Intuitively, Ap(y) measures whether the current model improves upon or degrades relative to the
reference model on sample y. Given a concentrated preferred sample 4T and its corresponding
concentrated negative i, we define a pairwise preference logit

B _ __ _
9==5[8(F") = Ae(y) + AReLU(Ag(5"))] - (11)
where 3 > 0 is the preference sharpness coefficient and A > 0 controls a stability regularizer.

The first term in Eq. (TI) encourages the trainable model to achieve a larger relative improvement
on the preferred sample than on the dispreferred one. The second term, ReLU(Ay(77)), acts as a
winner-preservation penalty following Smaug [[12]: if the current model performs worse than the
reference on the preferred clean segment, the penalty activates and suppresses this undesirable drift.
This term is particularly important in the video setting, where aggressive preference updates can
otherwise damage already-correct frames (see details in[A]).

The final cIPO objective adopts the standard DPO-style pairwise preference form L.po =
—E(4,c) [log o(—g)] . where o () is the sigmoid function. This objective instantiates the standard DPO
negative log-sigmoid loss with reconstruction-induced implicit preferences, encouraging the model
to assign lower relative reconstruction error to the preferred clean segment than to its corresponding
hard negative.



Table 1: Quantitative Comparison on MotionBench prompts from authenticity and motion dimensions.
Best results are highlighted in bold, and second-best results are underlined. Forensic is the abbrevi-
ation of Forensic-chat, Om-D is the abbreviation of OmniAID-Dino, Off/On is the abbreviation of
offline/online, and GT is the abbreviation of ground truth (i.e., real-world video).

Method Frame Authenticity Temporal Quality (Vbench)
Forensict Om-D1 Background T MotionT Subject! Temporal? Overall 1

Pretrained 0.804 0.479 0.937 0.974 0.929 0.960 0.161
DPO (Off) 0.810 0.474 0.938 0.975 0.927 0.960 0.161
DPO (Off, GT) 0.815 0.478 0.939 0.972 0.919 0.957 0.162
DPO (On, GT) 0.830 0.486 0.931 0.973 0919 0.958 0.162
DenseDPO 0.819 0.475 0.937 0.975 0.930 0.963 0.162
Ours 0.876 0.524 0.947 0.989 0.937 0.961 0.168

Table 2: Quantitative Comparison on WISA prompts from authenticity and motion dimensions. Best
results are highlighted in bold, and second-best results are underlined.

Method Frame Authenticity Temporal Quality (VBench)
Forensict Om-D1 Background ¥ MotionT Subject! Temporal? Overall 1

Pre-trained 0.909 0.486 0.951 0.985 0.956 0.975 0.217
DPO (Off) 0.908 0.504 0.949 0.987 0.961 0.978 0.225
DPO (Off, GT) 0.916 0.491 0.955 0.985 0.960 0.976 0.222
DPO (On, GT) 0.917 0.504 0.951 0.987 0.961 0.979 0.226
DenseDPO 0.911 0.504 0.950 0.987 0.962 0.979 0.223
Ours 0.931 0.521 0.952 0.990 0.989 0.983 0.247

4 Experiment

4.1 Experimental Setup

Implementation details. We train on the training splits of MotionBench [4] and WISA [14], and
evaluate on their held-out test prompts following [[17]. MotionBench is a motion-centric benchmark
for evaluating temporal reasoning and motion realism in text-to-video generation. WISA is a physics-
aware text-to-video dataset covering diverse physical laws and scenarios. Since WISA does not
provide an official split for preference learning, we construct our own train/test partition. Together,
they enable evaluation of both motion fidelity and physics-aware temporal consistency. In order
to compare the online construction methods of multiple types of negative samples, we instantiate
our method on top of Wan-VACE [8]], an all-in-one video foundation model that supports multiple
conditional generation modes. To isolate the effect of preference optimization on motion generation,
we restrict all experiments to the text-to-video (T2V) setting and optimize only the T2V generation
pathway. We fine-tunes it using LoRA [5]], targeting video generation at a resolution of 240x416,
with learning rate of Se-6, mixed-precision (bf16) training, gradient accumulation, and EMA. We set
A = 0.1 to perform regularization.

Compared methods. We compare our method against four representative baselines that differ in
preference pair construction and supervision strategies: the pre-trained baseline refers to the original
Wan-VACE checkpoint without preference optimization; DPO offline applies standard offline DPO
using pairwise preferences derived from two model-generated videos under the same prompt, with
preference labels determined by the VideoReward [[11]]; DPO offline (gt) introduces a variant that
treats the ground-truth video as the positive sample and the generated video as the negative one,
offering oracle supervision; DenseDPO[17]] provides denser supervision by generating both positive
and negative samples under real-video guidance and assigning preference scores at the temporal
segment level. These baselines cover reward-model supervision, oracle preference construction, and
dense temporal preference assignment, and therefore provide a representative comparison set for
evaluation.



Table 3: Ablation on negative sample construction and sample strategy. We compare different
negative sources and sampling strategies. For each negative source, selective sampling is compared
against uniform sampling: Tdenotes improvement, |denotes degradation. Times(s) refers to the
single-round sampling time. Best results are highlighted in bold, and second-best results are
underlined.

Negative Time (s) Authenticity VBench
Forensic T Om-D T Background T Motion T Subject T Temporal T Overall 1

T2V 15 0.830 0.486 0.931 0.973 0.919 0.958 0.162
Frame 15 0.829 0.485 0.935 0.974 0.926 0.959 0.159

+ conc. 19 0.8441  0.5121 0.931] 09751  0.9271 0.960 1 0.160 1
v2v 15 0.822 0.488 0.934 0.976 0.928 0.964 0.158

+ conc. 19 0.8371  0.5117 0.940 1 09781 09311 0.966 1 0.157]
Noise 4 0.862 0.494 0.938 0.979 0.925 0.966 0.157

+ conc. 6 0.876 1  0.5241 0.947 1 09891  0.9371 0.961 | 0.168 1

Evaluation metrics. We evaluate generated videos from two complementary perspectives: authen-
ticity and motion quality. For authenticity, we report Forensic-Chat [9], a forensic realism score
assessing visual authenticity and synthetic artifact suppression, along with OmniAID-Dino [3], an
authenticity metric based on DINO that measures semantic realism and naturalness. Regarding
motion quality, we follow the VBench [6] protocol and report scores for background consistency,
motion smoothness, subject consistency, temporal flickering and overall consistency.

4.2 Quantitative Results

Table[T]and Table[2]present the quantitative results on the MotionBench and Wisa test sets, respectively.
Our method consistently outperforms all baselines across both authenticity and motion-related metrics,
demonstrating its effectiveness in improving perceptual realism while preserving motion fidelity.
Compared with DenseDPO, our method yields a substantial gain in authenticity (0.819/0.475 —
0.876/0.524), indicating that directly leveraging real videos as supervision provides a more reliable
training signal than reward-model-based dense supervision that scores individual temporal segments.

To disentangle the contribution of real videos as positive samples from the improvement introduced
by our analysis framework itself, we conduct DPO (Online,GT) in which the ground-truth video is
used as the positive sample and the generated video as the negative sample for both methods . Under
this setting, our method still improves Forensic from 0.830 to 0.876 and OmniAID-D from 0.486 to
0.524. These gains indicate that the performance improvement is not solely due to the introduction of
real data, but also arises from our preference attribution strategy. In particular, these results suggest
that deriving supervision from the model’s own denoising trajectory and temporal concentration is an
effective strategy.

4.3 Qualitative Results

As shown in Fig. [5] compared with global preference optimization methods such as DPO and
DenseDPO, cIPO produces markedly more temporally coherent videos across both fine-grained
manipulation and authenticity. Specifically, in challenging motion regions highlighted by the red
boxes, DPO and DenseDPO often exhibit noticeable temporal inconsistency, motion blur, and
structural distortions, such as unstable hand-object interactions, inconsistent body poses during
spinning motions, and unrealistic human motion trajectories. By contrast, cIPO maintains smoother
temporal transitions, more stable object geometry, and more realistic motion dynamics throughout
the video sequence. In contrast, cIPO leverages denoised-base implicit preference signals to identify
failure-prone moments and concentrates optimization on high-error temporal windows, resulting in
substantially improved authenticity and temporal stability.



The video captures a dynamic scene of a female boxer in action inside a well-lit gym. She is The dancer is wearing a black dress with red accents at the hem and a red flower accessory in

wearing black boxing gloves and a black sports bra, her hair tied back in a ponytail, her hair. She begins by facing away from the camera, raising one arm gracefully above her head
emphasizing her focused and determined expression. The lighting is dramatic, with a bright while the other arm rests on her hip. She raises one arm gracefully above her head while the
light source creating lens flares that add intensity to the scene. The background reveals gym  other arm rests on her hip. As she turns, she extends her arms out to the sides, showcasing the
equipment and windows, suggesting an indoor setting. The boxer's movements are fluid and flowing movement of her skirt. The dancer then transitions into a series of fluid spins, her skirt

precise as she practices her punches, showcasing her agility and strength.

swirling dramatically around her.
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The man in the picture is wearing a gray top and black pants, running forward with his back to
the camera. His hands are clenched into fists, swinging back and forth. The camera slowly
advances along with him, but the man is running faster, his figure gradually becoming smaller.
On the right side of the screen, the waves continuously surge towards the left. The background
is on the beach, with a warm sunset glowing in the upper right corner, illuminating the sea.

A table appears from the right side of the frame. Leaning their body to the right, they place
the cups in their left and right hands on the table in sequence. Then, they turn around and
walk out of the frame from the left side. In the end, the camera focuses on the table.”

DenseDPO DPO Pretrained

Ours

Figure 5: Qualitative Results. Compared to baselines, cIPO achieves better temporal coherence in
challenging motion regions highlighted by the red boxes.

4.4 Ablation Studies

We ablate the two core design choices in our method: how negative samples are constructed and how
preference supervision is temporally allocated. Table [3] summarizes the results, while Fig. [f] further
analyze noise starting step impact in our framework.

Effect of negative sample from reconstruction rollouts. For negative sample construction, we
leverage VACE to construct structurally aligned negatives through two controlled generation strategies:
(1) first-frame-conditioned generation, in which negative samples share the identical initial latent as
positive samples, and (2) video-to-video (V2V) generation, where the negative is generated under
real-video guidance to remain close to the positive trajectory. For a fair comparison, all methods
are tested under the same GPU-hour training budget. Similar to prior findings, these aligned pair
construction strategies yield moderate improvements over unconstrained T2V negatives, particularly
on motion-related metrics (as shown in Table. E[) However, reconstruction-based noise negatives
consistently outperform all alternative negative sources. This result supports our central design:
negatives induced by diffusion perturbation are more informative than externally constructed samples
because they better expose the model’s own inference-time failure modes. In addition, since denoise
only requires a small number of sampling steps (about 5 to 20 steps), while other methods require
complete sampling (50 steps), the training time and cost of the denoise method are lower.

Effect of temporal concentration strategy. To validate the temporal concentration strategy, we apply
it to all negative sample variants (excluding T2V due to substantial disparity between positive and
negative samples that hinder direct comparison). As shown in Table. 3] the consistent performance
gains confirm its orthogonality with respect to the negative sampling source. This demonstrates the
effectiveness and universality of the temporal concentration strategy.

Noise starting step. Fig. [6|examines the diffusion starting index sfor constructing reconstruction
negatives. Results show that moderate noise levels work best: too little noise yields overly simple
negatives, while excessive noise disrupts reconstruction and semantic consistency. This observation is
consistent with the intuition that useful preference pairs should be difficult enough to expose rollout
failure, but not so corrupted as to become semantically uninformative.



Forensic Omniaid-Dino Background Consistency Motion Smoothness Overall Consistency Subject Consistency Temporal Flickering
0.88 1 0.995
0950

0.940
0975

0990 0.935
0970

0.87 1 0.945 4
s 0940 | ) 0165 0 09654
8 086 0514 0.980 0.925 1

0.935 0.975 0.920 4 0.960
[ [0 .

5 10 20 30 5 10 20 30 5 10 20 30 5 10 20 30 5 10 20 30 5 10 2 30 5 10 20 30

Denoise Step
5 s 10 wes 20 wem 30

Figure 6: The impact of the change of the starting index s of noise addition used in the negative
sample sampling process on the video temporal quality and authenticity.

Denoise 5 step  Denoise 10 step Denoise 20 step Denoise 30 step

i

/A

if

(L

\‘

\

(a) Analysis of Reconstruction Errors in the Inference Process (b) Visualization of the generation effects

Figure 7: Analysis of the effect of different noise levels
4.5 Analysis

Reconstruction Errors in the Inference Process. Fig.[7}a provides a comprehensive validation of
the two core design choices in cIPO: implicit preference construction and temporally concentrated
optimization. The x-axis shows the Reconstruction Error Ratio (lower is better), while the y-axis
denotes the top-k highest-error temporal windows selected for preference optimization. The four
subplots correspond to different forward noise levels, where larger denoise steps indicate stronger
forward perturbation and thus a more challenging reconstruction task. Across all noise levels, cIPO
consistently outperforms Pretrained and DenseDPO, demonstrating that constructing preference
pairs from the original video and its denoised reconstruction provides a more effective supervision
signal. Specifically, under a moderate number of noise level (e.g., 10 and 20), as shown in Fig. [6]
the model achieves the best authenticity and motion quality trade-off. This is likely because most
severely corrupted frames are corrected (as illustrated in Fig.[7}a, the most significant improvements
are concentrated in the first four steps for the 10-noise and 20-noise settings), leading to substantial
performance gains, which further validates the effectiveness of our temporal concentration strategy.

Visualization of the generation effects of models. The generation results under different noise levels
reflect the natural trade-off between authenticity and temporal consistency. As shown in Fig. [7]b,
under weak noise, the reconstruction results can better preserve local textures and spatial details, but
they are insufficient in exposing temporal artifacts, and local jitter and inter-frame flicker are still
likely to occur. Under strong noise, although the model can learn smoother motion patterns and more
stable cross-frame consistency, it often comes with detail blurring and texture loss. This phenomenon
indicates that cIPO lies in constructing preference pairs using noise of appropriate level, enabling the
model to achieve a better compromise between visual details and temporal consistency.

5 Conclusions and Limitations

In this work, we propose concentrated Implicit Preference Optimization (cIPO), a post-training frame-
work for improving temporal coherence in text-to-video generation. By deriving preference signals
directly from the model’s denoising process, cIPO avoids the need for costly human annotations or
unstable external reward models, enabling efficient and rollout-consistent preference learning. More-
over, cIPO identifies temporally localized failure regions and concentrates optimization on high-error
segments, leading to more precise training for short but perceptually critical artifacts. Experimental
results show that cIPO consistently improves both authenticity and temporal consistency across
multiple datasets, demonstrating the effectiveness of denoised-based preference with temporally
focused optimization. However, cIPO still relies on reconstruction error as a proxy for perceptual
quality, which may not fully capture high-level semantic preferences or human subjective judgments.
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Analysis of Gradient Degeneration with Near-Identical Pairs

design of winner-preservation penalty is primarily motivated by a key failure mode in Flow-DPO:

when the preferred and dispreferred trajectories are similar, the probability of the preferred sample
can actually decrease. In this section, we analyze the causes of this problem.

Setup Consider a flow model parameterized by 6 with velocity predictor vg(x,t). For a trajectory
sample (z;,v) at time ¢, the conditional likelihood is

B
Ingﬁ(v | xl‘nt) = _?tHv - Ug(a?t,ﬁ)HQ +C,

where 8; > 0 is a time-dependent weighting coefficient and C' is independent of 6.

Given a preferred trajectory w and a dispreferred trajectory [, Flow-DPO optimizes the objective

Lrppo = —E[logo (Ag)],

where

AG = logpg(vw | xivvt) - logpg(vl | in,t) - (logpref(vw I x?vt) - Ingref(Ul ‘ in,t)) .

Since the reference model is fixed, the optimization dynamics are governed by

B

Do =-5

(Il = vo(a’, O = [lv" — ve(xy, t)]*) + const.

We now formalize the causal relationship between gradient competition and the decrease of preferred
likelihood in Flow-DPO.

Recall that the Flow-DPO update direction is

00 X Gw — g1,

where

11



gw = Vo logpe(v" | 2}, 1), g1 = Vologps(v' | zf,1).
To analyze how this update affects the preferred trajectory, we consider the first-order change of the
preferred log-likelihood:
Slogpe(v? | z¥,t) ~ g, 56.

Substituting the Flow-DPO update gives

dlogpe(v® | ', ) o< gy (9w — q1).
Expanding the inner product yields
dlogpe(v* |2y, t) o< |lgul®

- G i
~—— "~

preferred enhancement  dispreferred suppression

This decomposition reveals two competing forces:

¢ The term ||9wH2

trajectory.

corresponds to the standard likelihood-increasing effect for the preferred

* The term g, g; arises from suppressing the dispreferred trajectory and measures how much
this suppression interferes with the preferred update direction.

Similarity induces gradient alignment. When the preferred and dispreferred trajectories are
temporally similar, i.e.,

W o~ .l ~
T, R Ty, tw = t,

their network Jacobians become highly correlated:

Vovg(zy,t) = Vguvg (:vi, t).

Consequently, the corresponding likelihood gradients become aligned:

.
9wt = l|gwll [|g1]]-

Why the dispreferred suppression term may dominate. After Flow Matching pretraining or
supervised finetuning, the preferred trajectory is typically already well fitted:

[0 = va(x, )| < [0 = vo(al, 1)

Using

g=Vologpy(v | zi,t) = Bi(v — vg(24, 1)) " Vovg (4, 1),

the gradient magnitude approximately scales with the residual norm:

gl oc flv = gz, t)]]-

Therefore,

1g:ll > llgw |-

Combined with gradient alignment, this implies
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Juwgt > llgwll*.

Hence,

dlogpe(v™ | 2}, t) < 0.

Equivalently,

po(v” |z, )
decreases after the Flow-DPO update.

Interpretation. The key issue is that Flow-DPO optimizes a relative preference objective rather
than directly maximizing the absolute likelihood of preferred trajectories. Under strong overlap,
suppressing the dispreferred trajectory requires parameter updates that are highly aligned with the
preferred trajectory gradients. When the dispreferred gradient magnitude is larger, the suppression
effect dominates the enhancement effect, causing the preferred likelihood to decrease despite optimiz-
ing a preference objective. In practice, this often manifests as spurious high-frequency textures or
over-smoothed motion patterns. To address this limitation, we add a winner-preservation penalty,
which is activated when the current model underperforms the reference model on the preferred clean
segment.

Experiment. In flow matching, the model 10+t

.. . .0 ositive wgirr highlighte = w/ penal -
learns a conditional velocity field vy (z¢, ¢, t) by 30 (ot ver oplghi AN
minimizing the regression objective 251 —— wlo penalty

‘CFM - EI:H’UQ(xtvca t) - U’tHQ])

Waitr

where u; denotes the target velocity. Under the
standard Gaussian regression interpretation,

1
ol | vsc,t) o exp 5o = ).

T T T T T
0 100 200 300 400 500
Training Steps

which implies Figure 8: Variation of wg; ¢y during the training

1 ) process with/without the penalty term.
log pg(us | x4, c,t) = fiva — u¢||* + const.

Therefore, for a preferred sample z,,,
wqig = model_win_err —ref_win_err
corresponds to the relative log-likelihood change between the current model and the reference model:

w 1
polw) L

lo
& DPref (xw) 2

Consequently, a larger positive wq;g indicates that the current model assigns a lower probability to
the preferred sample compared to the reference model.

As shown in Fig. [8] without the penalty term, waqig increases significantly during the later stage
of training, indicating that the model progressively reduces the likelihood of preferred samples.
This reveals a preference degeneration phenomenon where optimization unintentionally suppresses
positive samples themselves. In contrast, with the proposed penalty, wqig remains close to zero or
negative, demonstrating that the preferred-sample probability is preserved or improved throughout
training. These results show that the penalty stabilizes preference optimization by preventing the
collapse of preferred-sample likelihood.
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Table 4: Percentages are computed within each dimension

Criterion Pretrained DenseDPO  DPO cIPO
Human Structure 11.1% 11.1% 14.8% 63.0%
Motion Dynamics 6.9% 6.9% 20.7%  65.5%
Scene Structure 13.8% 10.3% 172% 58.6%
Object Relations 10.3% 6.9% 13.8% 69.0%
Natural Physics 10.3% 3.4% 13.8% 72.4%
Temporal Consistency 10.3% 10.3% 103% 69.0%

B Human evaluation

We conducted a human evaluation to compare four models: Pretrained, DenseDPO, DPO, and
cIPO. For each sample, annotators were asked to select the best model output along six criteria:
human structure, motion dynamics, scene structure, object relations, natural physics, and temporal
consistency. The spreadsheet records the majority-vote winner for each sample—criterion pair. To
obtain a dimension-level ranking, we counted how many samples were won by each model under the
majority vote for that criterion. The resulting comparison is therefore based on majority-vote wins
across samples rather than mean opinion scores. As summarized in Table[d] c/PO is the strongest
model on all six criteria, consistently achieving the highest majority-vote share for every dimension.
The advantage of cIPO is especially pronounced on natural physics (72.4%) and object relations
[ temporal consistency (69.0% each), while the other three models remain substantially behind on
every dimension.

C Pseudocode for Rollout

The pseudocode [T] shows the specific construction method of negative samples in Implicit Preference
Construction from Reconstruction Rollouts.

Algorithm 1 Rollout of a Noisy Latent Trajectory

Require: zg, scheduler S, denoiser M, prompt embedding c, negative prompt ¢, steps N, guidance
w, start step s
Ensure: Denoised latent zg
1 {te }o)! + S.set_timesteps(N)

2: {t) 12" < active steps

3 e ~N(0,I)

4: 7z <+ S.add_noise(zo, €, ty)

5: for ty, € {t;}n".! do

6: €cond M(Ztk sty C)

7. if w > 1 and ¢~ provided then
8: éuncond — M(Ztka tk, C_)
9: € éuncond + w(écond - éuncond)
10:  else

11: € <+ €cond

12:  endif

13 zy,,, < S.step(€, ty,z,)

14: end for

15: Zg < Zty
16: return zg
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