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Abstract

Recent advances in long video understanding typically mit-
igate visual redundancy through visual token pruning based
on attention distribution. However, while existing methods
employ post-hoc low-response token pruning in decoder lay-
ers, they overlook the input-level semantic correlation be-
tween visual tokens and instructions (query). In this paper,
we propose QuoTA, an ante-hoc training-free modular that
extends existing large video-language models (LVLMs) for
visual token assignment based on query-oriented frame-level
importance assessment. The query-oriented token selection
is crucial as it aligns visual processing with task-specific re-
quirements, optimizing token budget utilization while pre-
serving semantically relevant content. Specifically, (i) QuoTA
strategically allocates frame-level importance scores based on
query relevance, enabling one-time visual token assignment
before cross-modal interactions in decoder layers, (ii) we de-
couple the query through Chain-of-Thoughts reasoning to fa-
cilitate more precise LVLM-based frame importance scoring,
and (iii) QuoTA offers a plug-and-play functionality that ex-
tends to existing LVLMs. Experimental results demonstrate
that implementing QuoTA with LLaVA-Video-7B yields an
average performance improvement of 3.2% across six bench-
marks (including Video-MME and MLVU) while operating
within an identical visual token budget as the baseline.

Code — https://github.com/MAC-AutoML/QuoTA

Introduction
With the emergence of advanced Large Language Mod-
els (LLMs), researchers have expanded their capabilities
to video comprehension (Jin et al. 2023; Li et al. 2023;
Lin et al. 2023; Zhang et al. 2024b; Zhang, Li, and Bing
2023; Chen et al. 2024d,a), establishing the domain of Large
Video-Language Models (LVLMs). Recent studies (Zhang
et al. 2024a; Yin Song et al. 2024; Shang et al. 2024;
Wang et al. 2024d; Xue et al. 2024) focus on extending
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Figure 1: Comparative analysis of Video-MME (Fu et al.
2024a) when implementing attention-based token assign-
ment methods AIM (Zhong et al. 2024) and FrameFusion
(Fu et al. 2024b), alongside our proposed query-oriented
QuoTA within LLaVA-Video-7B (Zhang et al. 2024c) and
LLaVA-OV-7B (Li et al. 2024a) across varied relative visual
token budgets. QuoTA exhibits consistent performance en-
hancement across diverse token budget configurations.

the reasoning context capacity of LVLMs, primarily through
fine-tuning approaches for enhanced long video understand-
ing. However, empirical evidence from long-context LVLMs
(Zhang et al. 2024a) and (Shen et al. 2025) demonstrates per-
formance degradation when frame sampling rates increase,
suggesting that merely augmenting frame quantities intro-
duces information redundancy while imposing greater com-
putational demands on complex reasoning tasks.

Recent works (Zhong et al. 2024; Tao et al. 2024; Fu
et al. 2024b; Wang et al. 2024c) have addressed visual token
reduction by analyzing attention value distributions across
model layers, thereby providing more informationally effi-
cient tokens for long video comprehension tasks. DyCoke
(Tao et al. 2024), for instance, demonstrates that attention
score distributions among visual tokens exhibit significant
sparsity, enabling the dynamic elimination of less-attended
visual tokens within the KV cache. However, as post-hoc
methods that compress visual tokens either during or af-
ter their interaction with textual tokens within the decoder
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layers, they face substantial limitations: (i) Neglected task-
specific token relevance. Human visual cognition inher-
ently focuses on query-relevant content when viewing video,
highlighting the necessity of query-oriented token selection
to align visual processing with task objectives while ensur-
ing efficient token allocation and semantic coherence. Con-
versely, visual tokens with high attention-weight responses
primarily reflect inter-token associative strength rather than
their direct relevance to the query.

As demonstrated by (Wu et al. 2024b; Zhong et al.
2024), cross-modal interactions mainly occur in the early
fusion stages, with later layers showing intra-modal pat-
terns. Additionally, FrameFusion (Fu et al. 2024b) reveals
that token importance significance fluctuates across layers.
These observations suggest that high-response visual tokens
likely represent intra-modal relationships rather than query-
relevant semantic features, potentially rendering attention-
based token reduction counterproductive for task-specific
comprehension tasks. (ii) Propagation of sequential reduc-
tion errors. The hierarchical token reduction strategy based
on attention patterns exhibits vulnerability to error accumu-
lation, wherein suboptimal selection decisions implemented
at initial layers adversely affect subsequent stages.

To address this issue, we propose QuoTA, an ante-hoc ap-
proach seamlessly integrated with existing LVLMs (termed
based LVLM) for visual tokens assignment before cross-
modal interactions on decoder layers, enhancing query-
specific visual token capture. Specifically, QuoTA imple-
ments parallel video frame evaluation utilizing the zero-shot
capabilities of a lightweight LVLM (termed scoring LVLM)
to generate query-relevance scores, subsequently employing
these metrics as discriminative criteria for visual token as-
signment. Our strategy enhanced cross-modal interactions
while minimizing redundancy between visual and text to-
kens during the early fusion phases, thereby augmenting
performance. To enhance scoring precision, we prompt the
based LVLM to decouple the query into a more interpretable
question with Chain-of-Thoughts (Wei et al. 2022) reason-
ing. These reformulated questions subsequently prompt the
scoring LVLM in generating a query-specific relevance score
for each sampled frame. After that, the visual tokens then
proceed via one of three approaches based on the impor-
tance score: (i) bilinear interpolation, (ii) adaptive pooling,
and (iii) dynamic token merging for spatial redundancy min-
imization. Furthermore, since the elevated information den-
sity afforded by our query-oriented assignment protocol, we
implement duration-dependent dynamic frame sampling to
optimize the extraction of salient visual information. No-
tably, QuoTA can adapt to a given token budget.

We conduct experiments across diverse video understand-
ing benchmarks, including Video-MME (Fu et al. 2024a),
MLVU (Zhou et al. 2024), LongVideoBench (Wu et al.
2024a), VNBench (Zhao et al. 2024), MVBench (Li et al.
2024b), and NeXT-QA (Xiao et al. 2021). Results demon-
strate that LLaVA-Video-7B (Zhang et al. 2024c) and
LLaVA-OneVision-7B (Li et al. 2024a), augmented with
QuoTA in a plug-and-play manner, achieve an average per-
formance improvement of 3.2% and 2.5% across all six
benchmarks while maintaining equivalent computational re-

quirements to their original baseline. Furthermore, as shown
in Figure 1, QuoTA outperforms recent state-of-the-art ap-
proaches AIM (Zhong et al. 2024) and FrameFusion (Fu
et al. 2024b) across varying visual token budgets when ap-
plied to LLaVA-Video-7B (Zhang et al. 2024c) and LLaVA-
OneVision-7B (Li et al. 2024a), while maintaining consis-
tent performance improvements over the baseline regardless
of token budget, which is set to 12,544 visual tokens in total.

In summary, our contributions are as follows:

• We design a plug-and-play pipeline for existing
LVLMs: QuoTA provides a training-free solution appli-
cable to diverse LVLMs, enhancing long video under-
standing by assigning visual tokens based on text instruc-
tion (query) relevance. This approach offers a more ele-
gant and direct methodology compared to conventional
attention-based analytical techniques.

• We propose CoT-driven query decouple for query-
oriented frame scoring: QuoTA employs Chain-of-
Thoughts to decouple query into a specific-designed
question, enabling high-quality scoring of video frames.

• Our QuoTA setting a new state-of-the-art: Integration
of QuoTA with LLaVA-Video-7B yields a 3.2% aver-
age performance improvement across six benchmarks,
achieving the best results in five video benchmarks, in-
cluding Video-MME and MLVU, among 7B LVLMs.

Related Work
Large Video-Language Models
Recent advances in large language models (LLMs) have
sparked interest in developing video understanding sys-
tems. Video-ChatGPT (Maaz et al. 2023) processes videos
by extracting frame-level features through spatial and tem-
poral pooling. VideoChat (Li et al. 2023) combines tex-
tual descriptions with video appearance embeddings. Video-
LLaVA (Lin et al. 2023) aligns image and video encoders us-
ing a shared projector to map representations into a common
language space. LLaVA-NeXT-Video (Zhang et al. 2024b)
extends LLaVA-NeXT (Liu et al. 2024a) through video-
specific fine-tuning. Recent research has focused on ex-
panding context window sizes for long video understanding.
LongVA (Zhang et al. 2024a), Video-XL (Shu et al. 2024),
and LongVILA (Xue et al. 2024) leverage LLMs’ long-
text comprehension capabilities through continuous train-
ing. However, they may suffer from performance degrada-
tion with excessive frame sampling due to video content re-
dundancy and model capacity constraints.

Efficient Visual Modeling
Previous research in multi-modal LLMs assigns visual to-
kens to reduce spatial redundancy. FastV (Chen et al. 2024b)
reduces them at a particular selected layer based on the dis-
tribution of attention. Recent works (Fu et al. 2024b; Tao
et al. 2024; Zhong et al. 2024; Wang et al. 2024c) extend it
by reducing the redundancy of spatiotemporal information
for long video understanding. For example, AIM (Zhong
et al. 2024) merges similar tokens and then preserves the
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Figure 2: Framework of QuoTA. Initially, a dynamic frame sampler extracts T frames from the video based on duration, which
are subsequently processed by ViT to generate visual embeddings E. Then, the based LVLM decouples the query using Chain-
of-Thoughts (Wei et al. 2022) into a clue to generate frame-wise importance scores through scoring LVLM in parallel, thus
evaluating the relevance to the query. Finally, a token assigner rescales the frame embeddings to Ê based on these scores.

important tokens hierarchically. However, they rely on at-
tention weight analysis, which only reflects token-wise as-
sociations rather than query-specific relevance; this indirect
measurement may not accurately capture task-specific token
importance. Moreover, as mentioned in FrameFusion (Fu
et al. 2024b), token importance is inconsistent across differ-
ent layers; thus, hierarchical reduction is susceptible to error
propagation from early suboptimal decisions. Other works
(Shen et al. 2024; Zhang et al. 2025; Wang et al. 2024a; Yang
et al. 2024; Li et al. 2024c; Choudhury et al. 2025; Lee et al.
2024) integrate token assignment into the architecture de-
sign and enhance model capabilities through training. How-
ever, the training-needed schema makes them inflexible.

Method
Preliminaries
For a given video V, a frame sampler extracts T frames
F = {Fi}Ti=1, which employ uniform sampling at fixed in-
tervals for computational efficiency. Features of each frame
are then obtained via E = {Ei}Ti=1 = ViT(F), where ViT
represents a transformer-based visual encoder (e.g., CLIP-
L (Radford et al. 2021)), and Ei ∈ R(H×W )×C denotes
the visual tokens corresponding to the i-th frame, with H ,
W representing spatial dimensions and C the feature di-
mension. In standard LVLM, the video features E along-
side the user query Q are processed to generate the output
O = LVLM(E,Q). QuoTA enhances this process by first as-
sessing frame-level importance, which subsequently guides
token assignment within each frame to produce refined fea-
tures Ê. The final output is formulated as O = LVLM(Ê,Q).
Figure 2 illustrates the overall architecture of QuoTA.

LVLM-Based Frame Scoring

Given the inherent information redundancy in sampled video
frames, it is advantageous to compress query-irrelevant vi-
sual tokens while directing the LVLM’s attention toward
keyframes. While text-image similarity scores from CLIP
(Radford et al. 2021) could theoretically assess query-
frame relevance, CLIP’s known bias toward physical en-
tity nouns often yields suboptimal frame importance assess-
ments in reasoning scenarios with a complex query. Instead,
in QuoTA, we leverage the robust multi-choice reasoning ca-
pabilities of LVLMs by formulating a binary choice question
for each frame. This question is processed by a lightweight
scoring LVLM, which produces an importance score S (a
scalar) derived from the probability of selecting option “A”.
The naive binary-choice prompt structure fed into the scor-
ing LVLM for each frame follows the format:

Question: Does this frame contain any information to
answer the given query: {query}?
A. Yes. B. No.
Answer the letter directly.

To optimize the trade-off between scoring accuracy and
efficiency, we employ Qwen2-VL-2B (Wang et al. 2024b)
as our lightweight scoring LVLM, which facilitates parallel
inference across all video frames with minimal latency and
modest GPU resource requirements. Upon obtaining the im-
portance score for each sampled frame, we normalize these
values to serve as allocation guides for token assignment.
The normalized importance score for each frame is com-
puted as Sn = {Si

n}Ti=1 = Si/
∑T

j=1 S
j .
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CoT-Driven Query Decouple
Employing the naive prompt yields only marginal improve-
ments, as the scoring LVLM tends to optimistically presume
that frames contain adequate information. This results in ho-
mogeneous importance weights across frames, compromis-
ing discriminative capacity. To address this, we implement
a Chain-of-Thoughts (Wei et al. 2022) approach that decou-
ples the query that enhances frame differentiation quality, as
validated in our ablation studies. Considering that LVLMs
demonstrate superior capability in identifying physical enti-
ties, QuoTA utilizes the based LVLM to decouple the orig-
inal query into a structured object list. Specifically, we im-
plement a three-step prompting protocol that directs the base
LVLM to decouple the query, extracting concrete physical
entities to interrogate the scoring LVLM, which markedly
reduces hallucination. This Chain-of-Thoughts process en-
compasses (i) assessing the necessity for entity decoupling,
(ii) transforming the original query into a structured object
list when appropriate, and (iii) refining this list by eliminat-
ing abstract concepts. When the based LVLM determines
entity recognition is warranted, we query the scoring LVLM
using the following binary-choice prompt:

Question: Does the frame contain any objects of the
following list: {object list}?
A. Yes. B. No.
Answer the letter directly.

Otherwise, we leverage the naive binary-choice prompt. We
also conduct other decouple strategies for query-oriented
keyframes scoring, which details in the ablation study.

Dynamic Visual Token Assignment
After obtaining the normalized scores Sn = {Si

n}Ti=1 for
all frames, we calculate the target token quantities N =
{Ni}Ti=1 for each frame, where Ni = Si

n × Nt, with Nt

representing the total visual token budget. Notably, indi-
vidual frame token quantities Ni may exceed Nt/T . We
established Nt according to the empirically optimal frame
configuration of the based LVLM to ensure experimen-
tal consistency. For instance, LLaVA-Video (Zhang et al.
2024c) demonstrates optimal performance with 64 frames
at 196 tokens per frame; consequently, Nt was standard-
ized at 64 × 196 = 12, 544. This methodological decision
was implemented for multiple reasons: (i) Equivalent token
counts enable direct comparative assessment of QuoTA’s ef-
ficacy while controlling computational variables; (ii) Since
the base LVLM was trained with this optimal frame con-
figuration that generalizes effectively across most scenarios,
maintaining consistent total token budget typically enhances
performance and transferability. Subsequently, we assign vi-
sual tokens for each frame according to the target token
quantities N using a dynamic token assigner. We examine
three distinct dynamic token assigners as follows:

(1) Bilinear Interpolation. A straightforward approach
involves employing bilinear interpolation to resize the fea-
ture maps. For the i-th input frame embeddings Ei ∈
R(H×W )×C and its corresponding target token quantities

Ni, we compute optimal spatial dimensions Ĥi and Ŵi that
satisfy Ĥi × Ŵi being closest to but not exceeding Ni:

Ĥi = Ŵi = ⌊
√

Ni⌋
if Ĥi × Ŵi < Ni :{

Ĥi ← Ĥi + 1 if (Ĥi + 1)× Ŵi ≤ Ni

Ŵi ← Ŵi + 1 otherwise.

(1)

Then, bilinear interpolation is applied to transform the orig-
inal embeddings Ei into Êi ∈ R(Ĥi×Ŵi)×C :

Êi = B Interpolate(Ei, [Ĥi, Ŵi]) (2)

(2) Adaptive Pooling. Application of pooling opera-
tions represents an intuitive approach. However, as a down-
sampling technique, it requires the target token quantities
to satisfy Ni ≤ H × W . Consequently, the normalized
weights Sn require further processing. For the i-th input
frame whose target token allocation exceeds spatial con-
straints (i.e., Ni > H × W ), we redistribute their excess
weights to other frames proportionally. Let L = {i|Si

n ·N >
H × W} denote frames exceeding the limit, the adjusted
weights are:

Ŝi
n =

{H×W
Nt

if i ∈ L
Si
n +

Si
n∑

j /∈L Sj
n

∑
k∈L(S

k
n − H×W

Nt
) otherwise

(3)
The adjusted target quantities of tokens for the i-th frame

is subsequently derived as N̂i = Ŝi
n×Nt. We compute opti-

mal spatial dimensions Ĥi and Ŵi, employing the method-
ology delineated in Equation 1. Finally, adaptive pooling is
applied to transform the original embeddings Ei into Êi:

Êi = A AvgPool2d(Ei, [Ĥi, Ŵi]) (4)

(3) Dynamic Token Merging. It implements a token
merging (down-sampling) operation predicated on cosine
similarity metrics between distinct tokens within a visual
representation, as introduced in ToMe (Bolya et al. 2023).
We compute the optimal spatial dimensions Ĥi and Ŵi uti-
lizing methodologies analogous to Adaptive Pooling, sub-
sequently apply the k-th Bipartite Soft Matching alternately
along rows and columns to transform the original embed-
dings Ei into Êi:

Êi = B SoftMatching(Ei, [Ĥi, Ŵi]) (5)

Dynamic Frame Sampling
In QuoTA, considering that the information redundancy
in the video can be mitigated through dynamic visual to-
ken assignment, we accommodate additional input frames
within the LVLM to capture more potential critical content.
Consequently, we implement uniform frame sampling with
adaptive quantity parameters determined by video duration.
Specifically, for a video spanning t seconds, the sampled
frame count T is calculated according to:

T = Tbase +min(⌊ t

3600
× α⌋, α) (6)
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where Tbase is the base number of frames (e.g., 96), and α is
a hyperparameter that controls the upper bound of additional
frames (e.g., 64). This formulation ensures that long video
sequences receive proportionally increased sampling den-
sity to capture salient information while maintaining com-
putational efficiency by capping the maximum additional
frames at α. The frames are then uniformly sampled across
the video timeline at intervals of t/T seconds.

Experiments
Datasets
To ensure robustness, we evaluated QuoTA across six
datasets: Video-MME (Fu et al. 2024a): A widely used
benchmark for assessing the ability of LVLMs to handle
detailed videos in real-world scenarios that vary in lengths.
MLVU (Zhou et al. 2024): A large-scale long video bench-
mark with 9 distinct tasks and diversified lengths, rang-
ing from 3 minutes to 2 hours. LongVideoBench (Wu
et al. 2024a): A benchmark designed to accurately retrieve
and reason over detailed multimodal information from long
videos with 17 fine-grained categories. VNBench (Zhao
et al. 2024): A synthetic benchmark designed to evaluate
models’ long-context abilities, covering tasks such as re-
trieval, ordering, and counting. MVBench (Li et al. 2024b):
A benchmark cross over 20 challenging video understanding
tasks, focusing on temporal understanding in dynamic video
tasks. NeXT-QA (Xiao et al. 2021): A short-video bench-
mark emphasizing causal and temporal reasoning, challeng-
ing models to understand complex sequences.

Implementation Details
We performed all the experiments on NVIDIA A100 40G
GPUs. We extend LLaVA-Video (Zhang et al. 2024c) and
LLaVA-OneVision (Li et al. 2024a) with our QuoTA at 7B-
scale, constrained by available computational resources. Bi-
linear Interpolation is our dynamic token assigner, offering
enhanced flexibility in up- and down-sampling operations
while demonstrating superior performance, as evidenced in
Table 4. For equitable comparative analysis, we align the
total visual tokens budget Nt with each LVLM’s original to-
tal visual token quantities during inference. To optimize the
quality-efficiency trade-off, we use Qwen2-VL-2B (Wang
et al. 2024b) as our scoring LVLM. The base frame quan-
tity Tbase is configured at 96 while the maximum additional
frame α is set to 64 across all benchmarks except for VN-
Bench (Zhao et al. 2024) (Tbase = 128, α = 96).

Main Results
We evaluate QuoTA implemented within LLaVA-Video
(Zhang et al. 2024c) and LLaVA-OneVision (Li et al.
2024a) at 7B-scale, maintaining equivalent computational
constraints (total visual tokens budget Nt) as the base-
line across three long video understanding benchmarks:
LongVideoBench (Wu et al. 2024a), MLVU (Zhou et al.
2024) and Video-MME (Fu et al. 2024a). The empirical
outcomes presented in Table 1 demonstrate that QuoTA
integration into LLaVA-Video-7B (Zhang et al. 2024c),
yielding improvements of 0.8%, 1.1%, and 2.6% on

LongVideoBench (Wu et al. 2024a), MLVU (Zhou et al.
2024), and Video-MME (Fu et al. 2024a) (w/o subtitles),
respectively. Notably, substantial enhancements manifest in
extended-duration video (spanning 30-60 minutes) within
Video-MME (Fu et al. 2024a) (47.7% → 52.2% for LLaVA-
OneVision (Li et al. 2024a), and 51.8% → 55.7% for
LLaVA-Video (Zhang et al. 2024c)) under “w/o subtitles”
conditions, substantiating that our query-oriented token as-
signment methodology together with dynamic frame sam-
pling strategy, effectively mitigates information redundancy
(particularly in long videos) while accentuating salient con-
tent, thereby facilitating enhanced model activation and
comprehension of complex visual narratives.

Furthermore, we conduct evaluations of QuoTA on two
conventional video understanding benchmarks, MVBench
(Li et al. 2024b) and NeXT-QA (Xiao et al. 2021), alongside
the specifically constructed Needle-In-A-Haystack video
benchmark VBNench (Zhao et al. 2024), as illustrated in
Table 2. Particularly noteworthy is the substantial enhance-
ment observed on VNBench (Zhao et al. 2024) (44.7% →
49.3% for LLaVA-OneVision (Li et al. 2024a) and 54.4%
→ 64.7% for LLaVA-Video (Zhang et al. 2024c)), empiri-
cally validating that our query-oriented frame-wise scoring
methodology effectively directs the LVLM’s attention to-
ward query-relevant keyframes. Additionally, as shown by
Figure 1, our proposed QuoTA demonstrates superior effi-
cacy that outperforms recent SoTAs, FrameFusion (Fu et al.
2024b) and AIM (Zhong et al. 2024) at distinct relative vi-
sual token budget allocations. Notably, QuoTA establishes
new SoTA across five benchmarks.

Ablation Studies
Effect of different components of QuoTA. To investigate
the efficacy of QuoTA’s components, we conduct ablation
experiments with varied configurations to evaluate LLaVA-
Video-7B (Zhang et al. 2024c) performance on Video-MME
(Fu et al. 2024a) and VNBench (Zhao et al. 2024). As
shown in Table 3, when compared to fixed-length sampling
(96-frames with ∼131 visual tokens per frame, maintaining
equivalent token budget Nt as the baseline of 64-frames with
196 visual tokens per frame), dynamic-length sampling (em-
ploying adaptive frame sampling 96∼160 frames while pre-
serving consistent token budget Nt) exhibits superior per-
formance only when augmented with our proposed LVLM-
based frame scoring methodology for visual token assign-
ment. Additionally, implementing the Chain-of-Thoughts-
driven query decoupling technique yields substantial perfor-
mance enhancement by improving scoring precision, espe-
cially in VNBench (Zhao et al. 2024). These empirical find-
ings indicate that increasing frame sampling without dis-
criminative selection provides limited improvement due to
query-irrelevant information redundancy.
Effect of different visual token assignment strategy.
To evaluate the efficacy of distinct token assigners, we
conducted an ablation study implementing QuoTA within
LLaVA-Video-7B (Zhang et al. 2024c) on the Video-MME
(Fu et al. 2024a) and VNBench (Zhao et al. 2024). As de-
tailed in Table 4, optimal performance is achieved with bilin-
ear interpolation. Despite the token similarity-based merg-
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Model Params Frames LongVideo MLVU Video-MME (wo/w-subtitles)
Bench (val) (m-avg) Short Medium Long Overall

Proprietary LVLMs
GPT-4o (OpenAI 2024) - 384 66.7 64.0 80.0/82.8 70.3/76.6 65.3/72.1 71.9/77.2
Gemini-1.5-Pro (Reid et al. 2024) - 0.5 fps 64.0 - 81.7/84.5 74.3/81.0 67.4/77.4 75.0/81.3

Open-Source LVLMs
LongVA (Zhang et al. 2024a) 7B 128 - 56.3 61.1/61.6 50.4/53.6 46.2/47.6 52.6/54.3
Long-LLaVA (Yin Song et al. 2024) 7B 64 - - 61.9/66.2 51.4/54.7 45.4/50.3 52.9/57.1
Video-XL (Shu et al. 2024) 7B 128 50.7 64.9 64.0/67.4 53.2/60.7 49.2/54.9 55.5/61.0
TimeMarker (Chen et al. 2024c) 8B 128 56.3 63.9 71.0/75.8 54.4/60.7 46.4/51.9 57.3/62.8
AIM (Zhong et al. 2024) 7B 32* - 69.3 -/- -/- -/- 59.2/62.3
LongVILA (Xue et al. 2024) 7B 256 57.1 - 69.0/72.9 58.3/64.9 53.0/57.4 60.1/65.1
LongVU (Shen et al. 2024) 7B - - 65.4 -/- -/- 59.5/- 60.6/-
Qwen2-VL (Wang et al. 2024b) 7B - - 64.8 -/- -/- -/- 63.3/69.0
ReTaKe (Wang et al. 2024c) 7B - - 69.8 72.8/- 62.7/- 56.2/- 63.9/-
NVILA (Liu et al. 2024b) 8B 256 57.7 70.1 75.7/77.6 62.2/69.0 54.9/63.3 64.2/70.0
LLaVA-OV (Li et al. 2024a) 7B 64 56.3 64.7 70.2/74.0 56.6/64.2 47.7/62.4 58.1/66.9
LLaVA-OV + QuoTA 7B 64* 57.4 69.7 71.1/74.8 58.8/65.2 52.2/63.9 60.7/68.0
LLaVA-Video (Zhang et al. 2024c) 7B 64 58.2 70.8 75.4/77.3 62.6/67.7 51.8/63.6 63.3/69.5
LLaVA-Video + QuoTA 7B 64* 59.0 71.9 77.1/79.0 64.9/68.0 55.7/62.9 65.9/70.0

Table 1: Performance on the validation set of LongVideoBench (Wu et al. 2024a), MLVU (Zhou et al. 2024) and Video-
MME (Fu et al. 2024a). By applying QuoTA to LLaVA-Video-7B (Zhang et al. 2024c), we observed an average performance
improvement of 1.5% across three long video understanding benchmarks while setting a new state-of-the-art. * denotes using
the same visual token budget as the baseline. Models in parentheses represent the baselines they used.

Query: When and where did the athlete and student first meet in the video?
A. 12:30 PM in the car. B. 12:30 PM in the canteen.
C. 12:30 PM in the classroom. D. 12:00 PM in the classroom.

Full Video Link: 
youtu.be/3m29MQ-qPfg

Query: When demonstrating the Germany modern Christmas tree is initially decorated with 
apples, candles and berries, which kind of the decoration has the largest number?
A. Apples. B. Candles. C. Berries. D. The three kinds are of the same number.

Decouple Query: Does the frame contain any 
objects of the following list: [athlete, student, 
classroom]? A. Yes. B. No. 

Decouple Query: Does the frame contain any 
objects of the following list: [apples, candles, 
berries, christmas tree]?  A. Yes. B. No. 

Full Video Link: 
youtu.be/fFjv93ACGo8

Figure 3: Qualitative result shown in Video-MME (Fu et al. 2024a) benchmark when applying QuoTA with LLaVA-Video-7B
(Zhang et al. 2024c). The frames with a blue border are query-oriented keyframes, and the bar chart shows the scores.

ing approach employed by ToMe (Bolya et al. 2023), we
contend that such a methodology disrupts spatial coherence
in video representations, consequently impeding effective
cross-modal interaction during early fusion stages. Simi-
larly, adaptive pooling encounters analogous limitations, as
it compromises continuous spatial structure within visual
features, potentially degrading spatial attention quality and
cross-modal alignment precision. Conversely, bilinear inter-
polation provides flexibility, supporting both up and down-
sampling operations while preserving spatial continuity and

maintaining stable cross-modal information propagation, fa-
cilitating robust feature learning and cross-modal integra-
tion. The results further suggest that prevalent attention-
based token assignment methodologies, which prioritize to-
ken similarity for merging operations, may represent subop-
timal strategic approaches.

Effect of different query-oriented frame scoring strat-
egy. To evaluate the efficacy of query decouple via CoT, we
conducted ablation experiments presented in Table 5, indi-
cating that decoupling queries with an emphasis on video
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Model MVB N-QA VNB
Proprietary LVLMs

Gemini-1.5-Pro (Reid et al. 2024) - - 66.7
GPT-4o (OpenAI 2024) - - 64.4

Open-Source LVLMs
LongVA (Zhang et al. 2024a) - 68.3 41.5
mPLUG-Owl3 (Ye et al. 2024) 54.5 76.8 -
Video-XL (Shu et al. 2024) 55.3 - 61.6
LongVILA (Xue et al. 2024) 67.1 80.7 63.0
LLaVA-OV (Li et al. 2024a) 56.7 79.4 44.7
LLaVA-OV + QuoTA 57.3 80.4 49.3
LLaVA-Video (Zhang et al. 2024c) 58.6 83.2 54.4
LLaVA-Video + QuoTA 62.1 83.9 64.7

Table 2: The overall performance on MVBench (Li et al.
2024b), VNBench (Zhao et al. 2024) and NeXT-QA (Xiao
et al. 2021) at 7B-scale LVLMs with the setting of the orig-
inal frame rates. By applying QuoTA to LLaVA-Video-7B
(Zhang et al. 2024c), we observed an average improvement
of 4.8% across three benchmarks, especially a 10.3% im-
provement on the Needle-In-A-Haystack benchmark VN-
Bench (Zhao et al. 2024), which set a new SOTA, demon-
strating QuoTA assists query-oriented keyframes focusing.

Fix-len. Dy-len. Wei. CoT-Dec. V-MME VNBench
63.3 54.4

✓ 64.0 58.7
✓ 63.5 58.4

✓ ✓ 63.6 49.0
✓ ✓ 64.4 48.6

✓ ✓ ✓ 64.2 60.9
✓ ✓ ✓ 65.9 60.6

Table 3: Results on combinations of different components
in Video-MME (Fu et al. 2024a) and VNBench (Zhao et al.
2024) when using LLaVA-Video-7B (Zhang et al. 2024c) as
the based LVLM on QuoTA. Fix-len. and Dy-len. represent
fix sampled 96-frame and dynamic sampled 96∼160 frames
with the same token budget Nt as the baseline, respectively.
Wei. and CoT-Dec. denote the LVLM-based frame scoring
and CoT-Driven Query Decouple, respectively.

event identification with slight performance decreases in
both benchmarks, suggesting that entity-based representa-
tions constitute fundamental and generalizable features for
video understanding. Notably, when encountering summa-
rization tasks, QuoTA can evenly distribute tokens without
forming clusters. Furthermore, CLIP (Radford et al. 2021)
resulted in substantial performance degradation, attributable
to CLIP’s propensity to prioritize visually anomalous frames
(e.g., those with overexposure), consequently compromising
accurate query-oriented frame selection.

Qualitative Evaluation
We conduct qualitative analyses from Video-MME (Fu et al.
2024a) in Figure 3, which illustrate normalized frame scores
alongside selected sampled frames, with keyframes high-

Visual Token Assigner Video-MME VNBenchS M L O
None 75.4 62.6 51.8 63.3 54.4
Bilinear Interpolation 77.1 64.9 55.7 65.9 64.7
Adaptive Pooling 75.7 63.0 53.1 63.9 64.8
Dynamic Token Merging 76.4 62.8 54.3 64.5 63.0

Table 4: Results on different token assignment strategies
when extending QuoTA with LLaVA-Video-7B (Zhang et al.
2024c) on Video-MME (Fu et al. 2024a) and VNBench
(Zhao et al. 2024). “None” represents the baseline.

Scoring Strategy Video-MME VNBenchS M L O
None 75.4 62.6 51.8 63.3 54.4
LVLM-Based 76.0 63.3 54.0 64.4 49.5
LVLM-CoT-Entity 77.1 64.9 55.7 65.9 64.7
LVLM-CoT-Event 76.2 63.9 55.8 65.3 64.4
CLIP-CoT-Entity 75.8 63.6 52.8 64.0 62.7

Table 5: Results on different frame scoring strategies when
extending QuoTA with LLaVA-Video-7B (Zhang et al.
2024c) on Video-MME (Fu et al. 2024a) and VNBench
(Zhao et al. 2024). “None” represents the baseline.

lighted by blue borders. As demonstrated, QuoTA enables
preferential token allocation to keyframes while propor-
tionally reducing token assignment to irrelevant frames of
LLaVA-Video-7B (Zhang et al. 2024c), effectively mitigat-
ing visual redundancy and facilitating more precise task-
specific responses to user queries.

Conclusion
We present QuoTA, which presents a training-free frame-
work that employs query-oriented visual token assign-
ment for enhanced long video understanding. By leveraging
Chain-of-Thoughts reasoning for query-specific frame im-
portance assessment, we achieved a 3.2% average improve-
ment on LLaVA-Video-7B across six benchmarks while
maintaining computational efficiency. The plug-and-play
nature of QuoTA ensures seamless integration with existing
LVLMs without additional training requirements. Our work
demonstrates that query awareness and intelligent token as-
signment are fundamental to addressing the information re-
dundancy challenges in long video understanding tasks.
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