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Abstract. Recently, Multimodal Large Language Models (MLLMs) ha-
ve demonstrated significant potential in complex visual tasks through the
integration of Chain-of-Thought (CoT) reasoning. However, in Video
Question Answering, extended thinking processes do not consistently
yield performance gains and may even lead to degradation due to “vi-
sual anchor drifting”, where models increasingly rely on self-generated
text, sidelining visual inputs and causing hallucinations. While existing
mitigations typically introduce specific mechanisms for the model to re-
attend to visual inputs during inference, these approaches often incur
prohibitive training costs and suffer from poor generalizability across
different architectures. To address this, we propose FrameRepeat, an
automated enhancement framework which features a lightweight repeat
scoring module that enables Video-LLMs to autonomously identify which
frames should be reinforced. We introduce a novel training strategy,
Add-One-In (AOI), that uses MLLM output probabilities to generate
supervision signals representing repeat gain. This can be used to train
a frame scoring network, which guides the frame repetition behavior.
Experimental results across multiple models and datasets demonstrate
that FrameRepeat is both effective and generalizable in strengthening
important visual cues during the reasoning process.
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1 Introduction

Recently, multimodal large language models have demonstrated significant po-
tential in complex visual understanding tasks by incorporating Chain-of-Thought
(CoT) reasoning [10,16,25–27,34,36,38]. However, existing studies indicate that
in certain visual reasoning scenarios, as the reasoning chain grows longer, the
model’s attention toward visual modalities diminishes significantly [15, 21, 40].
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Fig. 1: Comparison between traditional inference and FrameRepeat infer-
ence. In traditional inference, video frames are uniformly sampled and directly fed
into the MLLM. In contrast, the proposed FrameRepeat first scores the frames during
inference, selecting the frames with the highest scores, which are then repeated at their
original positions and passed into the MLLM for enhanced understanding.

The prediction process increasingly shifts toward relying on self-generated lin-
guistic tokens, which makes the model more prone to hallucinations and reason-
ing drift. This phenomenon is particularly pronounced in video reasoning, where
the inherent sparsity of temporal information means that critical evidence is of-
ten confined to a few sparse frames. The remaining frames, largely redundant
or contextual, make it significantly harder for the model to maintain focus on
salient information during reasoning. Furthermore, as videos contain much more
complex information, their CoT processes are often longer than those for static
images, further exacerbating this issue.

While existing approaches typically mitigate this issue by introducing spe-
cific mechanisms—such as invoking external tools to re-incorporate pivotal visual
information [13, 14, 17, 44] or designing specialized loss functions to steer at-
tention distribution [15]—they often entail computationally expensive training
processes. In addition, the optimization gains achieved on a specific architec-
ture frequently lack cross-model transferability, thereby limiting their broader
application.

In contrast to the aforementioned methods, we argue that the root of this
issue lies not in a deficiency of the model’s reasoning capabilities, but rather
in a signal imbalance between long-chain linguistic reasoning and visual input.
Specifically, if the essence of the problem is the dilution of visual signals during
the reasoning process, then the primary objective should not be increasing rea-
soning steps, but rather maintaining the effective intensity of critical visual cues
amidst extended CoT sequences.

We observe a simple yet consistent phenomenon: repeating specific video
frames in the input stage enhances model performance without requiring any
additional training. This finding suggests that increasing the redundancy of spe-
cific frames can, to some extent, counteract the dilution effect imposed by rea-
soning tokens. Based on this observation, we first analyze how frame repetition
influences video reasoning. By examining the shifts in attention toward repeated
segments during the thinking process, alongside the variations in the log prob-
ability of correct answers, we find that repeating key frames effectively bolsters
the model’s focus on these frames, and the impact of repeating different frames
on the output log probability varies significantly.



FrameRepeat 3

Accordingly, we propose elevating frame repetition from a static heuristic
to a reasoning-aware visual signal re-weighting process. Specifically, we intro-
duce FrameRepeat, an automated enhancement framework which features a
lightweight repeat scoring module to predict an importance factor for each frame
based on the frame’s visual features and the question’s semantic representa-
tion, enabling adaptive repetition of pivotal frames at the input stage of Video-
LLMs. We propose Add-One-In (AOI) to train FrameRepeat: for each candidate
frame, we measure the log-probability gain of the correct answer when that sin-
gle frame is repeated, yielding a repeat gain signal that supervises the network
to learn frame importance ranking. During inference, FrameRepeat selects the
top-k frames based on the repeat scoring module’s output and repeats them
at their original temporal positions as shown in Fig. 1. Notably, FrameRepeat
does not modify the backbone VLM architecture; instead, it strengthens the vi-
sual signal at the input level, ensuring the model maintains continuous focus on
critical visual evidence throughout long-chain reasoning. Consequently, a repeat
scoring module trained on one model can be seamlessly transferred to different
architectures.

To comprehensively evaluate our approach, we conduct extensive experiments
across two distinct backbone models, Qwen2.5-VL-Instruct-7B [2], Qwen3-VL-
Thinking-8B [1] and five representative benchmarks VideoMME [11], LongVideo-
Bench [35], LVBench [32], MLVU [45], Video-Holmes [6]. The results demonstrate
that FrameRepeat significantly boosts model performance on video reasoning
tasks while exhibiting strong generalization capabilities across different scenar-
ios.

Our contributions can be summarized as follows:

– We analyze the phenomenon of visual signal dilution in video reasoning
scenarios, where long-chain reasoning leads to a decay in visual attention
and propose a novel approach that bolsters visual signal intensity through
strategic frame repetition.

– We introduce FrameRepeat, a lightweight cross-attention repeat scoring mod-
ule that scores each frame’s importance conditioned on the question, and
selects the top-scoring frames for in-place duplication at the input stage. To
train this network, we propose Add-One-In (AOI), a marginal-contribution-
based supervision strategy that measures each frame’s value by the log-
probability gain when it is individually repeated.

– Extensive experiments across five benchmarks and two distinct backbone
models validate the effectiveness of FrameRepeat in enhancing video reason-
ing performance and demonstrate its robust generalization capabilities.

2 Related Work

2.1 Reasoning in MLLMs

Recent research has focused on enhancing the reasoning capabilities of Multi-
modal Large Language Models (MLLMs), inspired by the success of long chain-
of-thought reasoning in language models [3, 4, 8, 20, 33, 37, 42]. LLaVA-CoT [39]
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introduces a structured four-stage reasoning pipeline—summary, caption, rea-
soning, and conclusion—with a stage-level beam search for effective inference-
time scaling. R1-Onevision [41] proposes a cross-modal formalization pipeline
that converts visual inputs into formal textual representations and leverages
reinforcement learning to develop generalized multimodal reasoning capabilities.

Despite these advances, recent studies have identified notable limitations in
the CoT reasoning of current MLLMs. [15] find that current visual reasoning
models exhibit limited visual reflection, as their attention to visual information
diminishes rapidly with longer generated responses. Similarly, [40] points out that
these models often excessively rely on textual information during the later stages
of inference, neglecting the crucial integration of visual input. These findings
highlight a critical challenge: how to prevent key visual signals from being diluted
throughout the reasoning process, which is the central question explored in this
work.

2.2 Video Reasoning

Extending reasoning capabilities to the video domain presents unique challenges,
as it requires not only understanding individual frames but also modeling com-
plex temporal dynamics, causal relationships, and event transitions across long
sequences [5, 7, 9, 19, 22, 29–31]. Unlike image-based reasoning, video reasoning
demands that models maintain a coherent understanding over time while inte-
grating spatial and temporal cues for multi-step inference. Recent efforts have
begun to explore chain-of-thought and reinforcement learning paradigms in this
context. Specifically, VideoChat-R1 [18] enhances spatio-temporal perception in
video reasoning through reinforcement fine-tuning. Video-R1 [10] is the first to
systematically explore the R1 paradigm for video reasoning via an upgraded
T-GRPO algorithm, achieving strong results on spatial-temporal benchmarks.
However, in the context of video reasoning, introducing chain-of-thought often
leads to performance degradation [21]. In this work, we analyze the underlying
causes of this phenomenon and propose to mitigate it by enhancing the visual
signal intensity of key frames.

3 Dissecting the Effect of Frame Repetition

Prior works [15, 21, 40] have found that incorporating CoT may sometimes lead
to a decline in model performance. This is because, as the chain of thought
grows longer, the model tends to attend more to the generated text tokens while
neglecting the visual information. This phenomenon is particularly severe in
video reasoning, since the effective information in a video is often concentrated
in a few key frames, while the remaining visual tokens provide background or
redundant information, making it even harder for the model to attend to the
critical information during reasoning. Given this observation, a natural question
arises: Is there a way to highlight the key information, so that critical
visual signals can maintain their effective strength throughout the
reasoning process? We conduct several experiments to investigate this.
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Fig. 2: Empirical analysis of frame repetition. (a) Attention ratio allocated to
a repeated frame across generation steps. When a frame is repeated, it occupies two
visual slots in the input sequence—the original slot and the copy slot—whose atten-
tion contributions are shown separately. Repetition significantly increases the model’s
overall attention to the target frame. (b) Per-sample best-frame (green) and worst-
frame (red) ∆log-prob, showing that repetition benefit is highly frame-dependent. (c)
Thinking-mode accuracy when repeating Top-K, Random-K, or Bottom-K frames se-
lected by direct-mode ∆log-prob. Top-K consistently outperforms other strategies, val-
idating the effectiveness of ∆log-prob as a frame importance signal.

3.1 Mitigating Visual Forgetting

An intuitive idea is: since critical visual signals are gradually diluted during
reasoning, could we enhance the presence of these key frames in the input—for
example, by repeating them—to help the model sustain attention to critical in-
formation throughout long-chain reasoning? To verify this hypothesis, we design
a simple experiment to observe the effect of frame repetition on attention distri-
bution. Specifically, we use Qwen2.5-VL as the base model and randomly sample
instances from VideoMME, with each video uniformly sampled into 128 frames
as input. We first perform one inference pass, identifying the key frame that
receives the highest attention proportion from the answer token during answer
generation, and record the attention ratio of each generated token to this key
frame throughout the reasoning process. In the second pass, we duplicate this
key frame and insert the copy immediately after its original position, re-running
inference with 129 frames. We record the attention ratio curves over generation
steps for both passes, where the attention under the repetition condition is the
sum of the original and copied positions. The results are shown in Fig. 2(a). It
can be clearly observed that without repetition, the model’s attention to the key
frame exhibits a sustained declining trend as generation progresses; with repe-
tition, although the attention still decreases, it remains at a significantly higher
level throughout the entire reasoning process.

3.2 How Frame Repetition Affects Model Predictions

To evaluate the impact of frame repetition on model outputs, we conduct a per-
frame log-probability scanning experiment on Qwen2.5-VL-7B. We randomly
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sample 100 instances from VideoMME, extract 128 frames per video as the
baseline input, and let the model generate answers without chain-of-thought
reasoning. For each sample, we repeat 32 randomly selected frames one at a time
and measure the change in log-probability of the correct answer (∆). As shown
in Fig. 2(b), repeating a single frame leads to a mean |∆ log -prob| of 0.1056, and
in 94.0% of samples, at least one frame increases the probability of the correct
answer. Moreover, the influence varies widely across frame positions: the average
gap between the best and worst frame ∆ is 0.3325 (maximum 2.3961), and in
60.0% of samples this gap exceeds 0.1.

We further investigate two questions: (1) whether the frame importance rank-
ing obtained in direct (non-thinking) mode can guide frame selection in think-
ing mode, and (2) whether repeating multiple informative frames yields greater
benefits than repeating a single frame. On 300 VideoMME questions with 128
base frames, we first rank 32 candidate frames by their ∆log-prob in direct mode
(Phase 1). Then in Phase 2, for each K ∈ {1, 4, 8}, we evaluate three conditions
in thinking mode: Top-K (largest ∆), Bottom-K (smallest ∆), and Random-
K (averaged over 3 trials), along with a no-repeat baseline. As shown in Fig. 2(c),
the accuracy ordering Top-K > Random-K and Random-K > Bottom-K holds
consistently across all K values, confirming that direct-mode ∆log-prob is a reli-
able proxy for identifying frames that benefit thinking-mode reasoning. Further-
more, repeating multiple informative frames amplifies the benefit: Top-4 reaches
65.0% (+2.3% over baseline), compared to +1.0% for Top-1, indicating that the
effects accumulate rather than saturate.

These findings suggest that if a method can enable the model to autonomously
determine which frames to repeat, it would be possible to improve performance
on video reasoning tasks without introducing additional inference steps.

4 Method

As illustrated in Fig. 3, we propose FrameRepeat, a method designed to enable
Video-LLMs to autonomously learn which frames should be repeated during the
input stage, thereby enhancing the signal strength of critical visual information
during the reasoning process. In this section, we first introduce the architectural
design of FrameRepeat. Subsequently, we present Add-One-In (AOI), a frame-
level value estimation strategy based on the repeat gain of repeating one frame.
This strategy measures the extent to which repeating a specific frame contributes
to the model’s correct response, serving as the supervision signal for training
the repeat scoring module. Finally, we detail the joint training objective, which
comprises both regression and ranking losses.

4.1 FrameRepeat Architecture

During our experiments, we observed that critical frames are often highly cor-
related with the input query. Therefore, when modeling the importance of each
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Fig. 3: Overview of the FrameRepeat framework. During training, we use the
Add-One-In strategy to measure the MLLM output probability for each repeated frame.
The resulting probability variations are used to compute the repeat gain, which trains
the repeat scoring module. During inference, the video frames and question are passed
through the scoring module to estimate the repetition importance of each frame. The
top-k most important frames are then selected for repetition and fed into the MLLM
for the final answer.

frame, it is necessary to incorporate textual information and enable interaction
between text and visual modalities.

At the input stage, we first uniformly sample N frames from the video as
in previous methods, then encode each frame and the input question through
CLIP [23] to obtain their feature representations. Specifically, each frame is
encoded as a d-dimensional vector vi ∈ Rd (i = 1, . . . , N), and the question text
is encoded as a sequence of token embeddings T = [t1, . . . , tL] ∈ RL×d, where
L is the number of tokens. Since CLIP encodes each frame independently and
is inherently agnostic to temporal ordering, we inject temporal information by
adding sinusoidal positional encodings [28]:

ṽi = vi + PE(i,N) (1)

where PE(i,N) denotes the sinusoidal positional encoding for the i-th frame in
a sequence of length N .

To enable interaction between textual and visual features, we introduce a
multi-head cross-attention module. Specifically, we use the visual features as
queries and the text token sequence as keys and values:
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hi = CrossAttn(ṽi,T) = softmax
(
WQṽi · (WKT)⊤√

dh

)
WV T (2)

where WQ,WK ,WV ∈ Rd×d are learnable projection matrices and dh is the
head dimension. Each frame independently attends to the full question token
sequence, yielding a question-conditioned frame representation via a residual
connection followed by LayerNorm:

v̂i = LayerNorm(ṽi + hi) (3)

After obtaining the text-fused visual features, we further refine them through
a two-layer feed-forward network (FFN) with a residual connection. Since the
FFN operates on features that already encode question relevance from the cross-
attention layer, it is able to capture non-linear patterns in the question-frame
interaction — for example, distinguishing frames that merely depict an entity
mentioned in the question from those that capture the key action needed to
answer it:

fi = LayerNorm(v̂i + FFN(v̂i)) (4)

We then map each refined frame feature to a scalar importance score through
a two-layer projection head:

ŝi = ScoreHead(fi), ScoreHead : Rd → Rd/4 → R1 (5)

Finally, we add a zero-centered CLIP cosine similarity as a prior to the
learned score:

si = ŝi + λ ·

sim(vi, t)−
1

N

N∑
j=1

sim(vj , t)

 (6)

where sim(·, ·) denotes the cosine similarity and λ is a scaling coefficient. This
provides a stable initialization signal for training, preventing the randomly ini-
tialized network from producing arbitrary rankings. The zero-centering ensures
that the prior encodes only relative relevance across frames without shifting the
absolute score level. During training, the MLLM backbone and CLIP encoder
remain completely frozen.

4.2 Add-One-In

The core task of the repeat scoring module is to assign an importance score to
each frame such that frames with higher scores, when repeated, effectively im-
prove the model’s answer quality. This requires a training signal that directly re-
flects the impact of repeating a specific frame on the model’s response. However,
obtaining such frame-level supervision is non-trivial: existing video understand-
ing datasets only provide question-answer pairs and lack annotations indicating
which frames are critical for answering.
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To address this, we propose the Add-One-In (AOI) training strategy. The key
idea is to automatically construct frame-level supervision by measuring
the change in the model’s log-probability of the correct answer after
repeating a single frame. Specifically, for each training sample, we first feed
the original N frames into the frozen MLLM and compute the baseline log-
probability of the correct answer:

ℓbase = logP (a∗ | {f1, . . . , fN}, q) (7)

where a∗ is the correct answer and q is the question. Then, for each candidate
frame fi, we duplicate it once and insert the copy at its corresponding temporal
position, forming an (N+1)-frame input, and recompute the log-probability:

ℓi = logP (a∗ | {f1, . . . , fi, fi, . . . , fN}, q) (8)

The difference between the two yields the Repeat Gain of frame fi:

∆i = ℓi − ℓbase (9)

A positive ∆i indicates that repeating this frame increases the model’s con-
fidence in the correct answer, while a negative ∆i suggests that repeating it in-
troduces interference. This supervision signal comes directly from the MLLM’s
own feedback, requires no additional human annotation, and is tightly aligned
with the downstream objective of answering the question correctly.

In practice, computing the repeat gain for all N frames individually incurs
substantial overhead. To mitigate this, we adopt a hybrid candidate sampling
strategy: we form the candidate set C from the union of the top-K frames ranked
by the repeat scoring module’s current scores and K randomly sampled frames.
The policy-ranked frames provide high-quality learning signals, while the random
frames expand the exploration range and prevent the network from converging
to local optima.

4.3 Loss Design

Given the repeat gain {∆i}i∈C computed via AOI for the candidate set C, we
train the repeat scoring module to align its predicted scores with these supervi-
sion signals through two complementary losses.
Regression Loss. Since the raw scales of the predicted scores and repeat
gain may differ significantly across samples, we first standardize both quanti-
ties within each sample:

s̄i =
si − µs

σs + ϵ
, ∆̄i =

∆i − µ∆

σ∆ + ϵ
(10)

where µs, σs and µ∆, σ∆ are the mean and standard deviation of the scores and
repeat gain over the candidate set, respectively, and ϵ is a small constant for
numerical stability. The regression loss is then defined as:
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Lreg =
1

|C|
∑
i∈C

(
s̄i − ∆̄i

)2 (11)

This formulation encourages the network to produce scores that preserve the
relative ordering and magnitude of the repeat gain.
Ranking Loss. While the regression loss aligns scores with repeat gains in
a point-wise manner, we additionally introduce a margin-based ranking loss to
explicitly enforce the correct ordering between beneficial and detrimental frames.
Specifically, we partition the candidate set into positive frames (C+ = {i ∈ C |
∆i > 0}) and negative frames (C− = {i ∈ C | ∆i < 0}), and require that positive
frames are scored higher than negative frames by at least a margin m:

Lrank =
1

|C+|
∑
i∈C+

1

|C− ∪ U|
∑

j∈C−∪U

max(0, sj − si +m) (12)

where U denotes a randomly sampled subset of non-candidate frames, and m
is a margin hyperparameter. By including non-candidate frames as additional
negatives, the ranking loss further encourages the network to assign higher scores
to frames with positive repeat gain than to the remaining unevaluated frames.
Total Loss. The final training objective is a weighted combination of the two
losses:

L = λreg · Lreg + λrank · Lrank (13)

where λreg and λrank control the relative importance of the two objectives. The
regression loss provides fine-grained score alignment with the repeat gain, while
the ranking loss ensures that the critical qualitative distinction is robustly cap-
tured.

5 Experiments

5.1 Evaluation Benchmarks

We conduct a comprehensive evaluation of FrameRepeat across five video bench-
marks: VideoMME [11], MLVU [45], LongVideoBench [35], LVBench [32], and
Video-Holmes [6]. These benchmarks are selected to cover a broad spectrum
of video reasoning capabilities. VideoMME comprises videos spanning diverse
themes and categorized into short, medium, and long durations, with each video
paired with multiple questions to comprehensively assess performance. MLVU
consists of seven subtasks designed to evaluate model capabilities from multi-
ple distinct perspectives, including plot understanding, needle-in-a-haystack re-
trieval, egocentric reasoning, counting, ordering, anomaly recognition, and topic
reasoning. LongVideoBench and LVBench focus on long-video understanding,
featuring videos ranging up to several hours in length. Video-Holmes serves as a
reasoning-intensive benchmark, specifically targeting complex multi-step video
reasoning abilities.
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5.2 Implementation Details

We train on top of Qwen2.5-VL-7B as the base model. The training data is de-
rived from the multiple-choice subset of LLaVA-Video-178K [43] and the Video-
Holmes [6] training set. We perform data filtering by running inference with
Qwen2.5-VL-7B five times per sample and discarding those that are answered
either entirely correctly or entirely incorrectly across all five runs, resulting in
approximately 20K training samples. During training, the video input is uni-
formly sampled at 128 frames. For the AOI supervision construction, both the
top-K and random-K candidate sets use K=16, yielding 32 candidate frames
per sample for training efficiency. The repeat scoring module contains only 3.7M
trainable parameters, while the base VLM remains entirely frozen throughout
training. We set the learning rate to 1 × 10−4 with a per-device batch size of
1. The loss weights are λreg=1.0 and λrank=0.1. Training is conducted for one
epoch using DeepSpeed ZeRO-2 with BF16 mixed precision.

5.3 Experimental Results

Tab. 1 presents the experimental results of FrameRepeat on five video un-
derstanding and reasoning benchmarks. We evaluate on two backbone mod-
els, Qwen2.5-VL-7B-Instruct and Qwen3-VL-8B-Thinking, and compare against
three baseline frame repeating strategies: CLIP-K, Bottom-K and Random-K.

Across both models, FrameRepeat achieves the best results on all bench-
marks. Taking the 128+8 frame setting on Qwen2.5-VL-7B as an example, our
method yields improvements of +2.5, +3.7, +2.2, +3.0, and +1.0 on VideoMME,
LongVideoBench, LVBench, MLVU, and Video-Holmes, respectively. On Qwen3-
VL-8B-Thinking, the improvements are equally significant. In contrast, Bottom-
K and Random-K show limited gains and even degrade performance in certain
settings, indicating that repeating low-importance or random frames may in-
stead introduce interference. Although the CLIP-K sampling strategy achieves
improvements on most benchmarks, it still falls short of our method, demon-
strating the effectiveness of our AOI training. The substantial advantage of
FrameRepeat over these three strategies demonstrates that our repeat scoring
module can accurately predict the importance ranking of each frame, thereby
effectively identifying and repeating the frames that truly contribute positively
to the model’s reasoning. Furthermore, our repeat scoring module is trained
only on Qwen2.5-VL-7B, yet achieves consistent improvements on Qwen3-VL-
8B-Thinking as well, fully validating the cross-model generalization capability
of FrameRepeat.

5.4 Ablation Study

We conduct a series of ablation studies to validate the key design choices in
FrameRepeat. Specifically, we examine five aspects: (1) the effect of the repeti-
tion count K, (2) the contribution of the ranking loss Lrank, (3) the advantage
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Table 1: Main Results. Comparison of five long-video understanding benchmarks.
↑x denotes improvement over the corresponding base model at the same frame count
and * denotes results obtained under our settings. Best results per model group are in
bold. We evaluate four frame repeating strategies: CLIP-K (based on CLIP scores),
Bottom-K (lowest K scores), Random-K (random repeating), and FrameRepeat (Top-
K scores). LVB refers to LongVideoBench.

Model Frames VideoMME LVB LVBench MLVU Video-Holmes

Qwen2.5-VL-72B 768 73.3 60.7 47.3 74.6 –
Qwen3-VL-235B-A22B 768 79.0 – 63.6 83.8 –
InternVL3.5-241B-A28B – 72.9 67.1 – 78.2 –

Qwen2.5-VL-7B-Instruct

Base Model∗ 64 59.6 48.0 32.9 57.1 33.4
+ CLIP-K 64+4 60.2 49.6 33.8 59.4 33.0
+ Bottom-K 64+4 59.6 48.9 32.3 55.9 33.4
+ Random-K 64+4 60.3 48.7 33.2 56.8 33.7
+ FrameRepeat (Ours) 64+4 61.0↑1.4 50.8↑2.8 34.3↑1.4 60.3↑3.2 34.9↑1.5

Base Model∗ 128 60.9 51.4 36.0 63.0 35.0
+ CLIP-K 128+8 62.4 53.2 37.5 64.3 35.1
+ Bottom-K 128+8 61.3 52.8 35.4 62.3 35.1
+ Random-K 128+8 61.5 53.0 36.0 61.5 35.0
+ FrameRepeat (Ours) 128+8 63.4↑2.5 55.1↑3.7 38.2↑2.2 66.0↑3.0 36.0↑1.0

Qwen3-VL-8B-Thinking

Base Model∗ 64 62.4 59.2 37.7 62.6 40.0
+ CLIP-K 64+4 62.6 60.3 38.4 63.7 40.2
+ Bottom-K 64+4 62.0 58.5 36.7 63.9 39.3
+ Random-K 64+4 62.3 58.9 38.1 64.5 39.3
+ FrameRepeat (Ours) 64+4 63.2↑0.8 61.5↑2.3 39.3↑1.6 65.4↑2.8 40.5↑0.5

Base Model∗ 128 67.0 62.1 40.6 68.2 41.0
+ CLIP-K 128+8 67.0 64.0 42.3 69.4 41.5
+ Bottom-K 128+8 66.3 63.5 41.2 68.3 41.0
+ Random-K 128+8 67.3 63.3 41.6 68.5 40.2
+ FrameRepeat (Ours) 128+8 67.9↑0.9 65.4↑3.3 44.3↑3.7 71.2↑3.0 43.4↑2.4

of FrameRepeat over frame selection methods, (4) impact on temporal under-
standing and (5) visualization of repeated frames. Unless otherwise stated, we
adopt the same training configuration as the full model.

Effect of Repetition Count. We investigate the impact of varying the number
of repeated frames K. As shown in Tab. 4, we compare K ∈ {4, 8, 16} on all
five benchmarks. On both models, increasing K from 4 to 8 yields consistent
improvements across nearly all benchmarks. However, further increasing to K=
16 shows mixed results: on Qwen2.5-VL, performance drops on all benchmarks
compared to K = 8; on Qwen3-VL, K = 16 surpasses K = 8 on MLVU, but
declines on the other benchmarks. These results suggest that K = 8 provides
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Table 2: Effect of Ranking Loss. Per-
formance with and without Lrank (128+8
frames).

Model Setting VideoMME Video-Holmes

Qwen2.5-VL
w/o Lrank 62.1 35.5
Full model 63.4 36.0

Qwen3-VL
w/o Lrank 66.8 42.1
Full model 67.9 43.4

Table 3: Comparison with using T-
SPO for frame repetition. We use
Qwen2.5-VL-7B as the base model and
the 128+8 frame setting for tests.

Model VideoMME LVB LVBench

TSPO [24] 62.8 54.3 36.9
FrameRepeat 63.4 55.1 38.2

Table 4: Effect of Repetition Count. Comparison of repeating K ∈ {4, 8, 16}
frames on all benchmarks (128+K frames). LVB refers to LongVideoBench.

Model K VideoMME LVB LVBench MLVU Video-Holmes

Qwen2.5-VL
4 62.3 53.9 36.6 64.7 35.2
8 63.4 55.1 38.2 66.0 36.0
16 62.9 53.2 36.0 65.6 34.6

Qwen3-VL
4 67.3 62.8 41.7 70.0 41.4
8 67.9 65.4 44.3 71.2 43.4
16 67.3 65.0 43.7 71.3 43.0

the best overall trade-off, as excessive repetition may introduce redundancy that
dilutes the reinforcement effect.

Effect of Ranking Loss. We ablate the ranking loss Lrank by training with
only the regression loss Lreg. As shown in Tab. 2, removing Lrank leads to con-
sistent performance drops on both models: VideoMME decreases by 1.3 and 1.1
points on Qwen2.5-VL and Qwen3-VL, respectively, and Video-Holmes drops by
0.5 and 1.3 points. This confirms that the ranking loss provides complementary
pairwise supervision that helps the network better distinguish frame importance
orderings beyond pointwise regression alone.

Comparison with Frame Selection Methods. To further validate our ap-
proach, we compare it against a baseline that directly repurposes TSPO [24],
a text and event aware frame selection method, for frame repetition. Although
frame selection and frame repetition appear related, they serve fundamentally
different objectives: the former identifies the most informative frames to retain,
while the latter seeks to reinforce temporally critical yet underattended
cues. Simply selecting the highest-scored frames for repetition tends to over-
emphasize already salient content, rather than compensating for the model’s
temporal blind spots. Results across multiple benchmarks shown in Tab. 3 con-
sistently demonstrate that our method outperforms the TSPO-based repetition
baseline, confirming that a learned repetition strategy is superior to naively
reusing scores from a frame selection paradigm.
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“What is likely the emotional tone of the song being performed?”

“What do the scenes shot on Indus River and Yangze River have in common?”

C
LI
P

To
p-
8

Fr
am

eR
ep

ea
t

To
p-
8

C
LI
P

To
p-
8

Fr
am

eR
ep

ea
t

To
p-
8

Fig. 4: Comparison of frames selected using FrameRepeat score versus CLIP score.

Table 5: Impact on temporal understanding. Performance on temporal-specific
tasks with timestamp-aligned frame repetition (128+8 frames).

Model VideoMME Temporal Charades-STA
Perception Reasoning R@0.5 mIoU

Qwen2.5-VL-7B 69.1 50.3 39.8 37.7
Qwen2.5-VL-7B + FrameRepeat 71.2 57.6 42.6 40.2

Qwen3-VL-8B 78.2 55.4 54.2 45.8
Qwen3-VL-8B + FrameRepeat 81.8 59.3 55.5 48.7

Impact on Temporal Understanding. Since frame repetition alters the in-
put sequence, a natural concern is whether it disrupts the model’s temporal
perception. To preserve temporal coherence, we adjust timestamps after repeti-
tion: the base 128 frames retain their original timestamps, while each repeated
frame is offset from its source frame by 0.01 of the sampling interval, ensuring
minimal perturbation to the temporal structure. As shown in Tab. 5, FrameRe-
peat not only avoids degrading temporal understanding but actually improves it
on both temporal perception and reasoning subtasks of VideoMME, as well as
on the temporal grounding benchmark Charades-STA [12]. This suggests that
reinforcing key frames helps the model anchor temporal events during reasoning.

Visualization. We visualize the frames selected for repetition by FrameRepeat
and compare them with those selected using CLIP score. The results are shown
in Fig. 4. As can be seen, CLIP score selects frames based solely on global feature
similarity, which makes it difficult to capture fine-grained semantic information
relevant to the question. In contrast, our frame repeat module, after being trained
with AOI, can more accurately assess the importance of each frame for answering
the question by incorporating question semantics, thereby selecting frames that
truly contain key visual clues. By repeating these frames, the model is better
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guided to attend to the important information during its reasoning process,
ultimately correcting previously incorrect predictions.

6 Conclusion

In this work, we propose FrameRepeat to mitigate the dilution of visual signals
during video reasoning. By repeating key frames at the input stage, we amplify
the visual signal strength of these frames, enabling the model to sustain attention
to critical information throughout long chain-of-thought reasoning. We design a
lightweight repeat scoring module to predict each frame’s impact on producing
the correct answer, trained via an Add-One-In (AOI) strategy that learns the
marginal information contribution of individual frames. Our experimental re-
sults demonstrate that FrameRepeat effectively improves model performance on
video reasoning tasks and exhibits strong generalization ability, validating the
effectiveness of frame repetition in alleviating visual signal dilution during the
thinking process.
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