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Abstract
Key frame selection is essentially a set-level optimization prob-
lem: the quality of the selected subset depends on the interactions
among frames, rather than the score of any single frame. Exist-
ing methods generally exhibit three major limitations. Point-wise
methods score each frame independently and ignore inter-frame
dependencies. Although the training-free set-level methods explic-
itly model the inter-frame relationships, their selection criteria are
fixed and cannot be adapted through downstream task feedback.
Learnable methods can leverage data-driven training; however,
they lack an explicit, differentiable set-quality objective and rely on
offline-generated supervision signals. To address these limitations,
we propose an end-to-end trainable and task-adaptive framework
for frame selection. A Chain-of-Thought approach guides a Small
Language Model (SLM) to generate task-specific implicit query
vectors, which are combined with multimodal features to enable
dynamic, query-aware frame scoring. We further formulate a con-
tinuous set-level objective function that jointly accounts for rele-
vance, coverage, and redundancy, enabling differentiable set-level
optimization via Gumbel-TopK for selecting optimal frame com-
binations. Finally, we employ a student-teacher mutual learning
strategy, in which the student selector (SLM) and teacher reasoner
(MLLM) are trained to align their frame-importance distributions
via KL divergence. Combined with cross-entropy loss, this design
enables fully end-to-end optimization, eliminating reliance on static
pseudo-labels. Experiments across multiple benchmarks, including
Video-MME, LongVideoBench, MLVU, and NExT-QA, demonstrate
that our method significantly outperforms existing frame-selection
approaches.

CCS Concepts
• Computing methodologies → Visual content-based index-
ing and retrieval; Video summarization.

Keywords
Video understanding, frame selection, multimodal large language
model

1 Introduction
Multimodal Large LanguageModels (MLLMs) havemade significant
progress in visual tasks [1, 16, 20], including image understanding,
video analysis, and cross-modal reasoning. Unlike static images,
video data contains dense temporal information and frames with
a high degree of redundancy, which can overwhelm the model’s
context window and hinder effective processing. This mismatch
leads to context overflow when processing lengthy videos, with
even moderately sized clips often exceeding the model’s processing
capabilities. Consequently, selecting informative key frame subsets

Question: How did the yellow sponge calm down after receiving the 
letter in the video?

Uniform sampling: Cooked

Relevance-based top-K: Sang with the snail

Our HFS: Got splashed with a bucket of water by the snail

Question: Did I leave the Tv on?

Uniform sampling: No

Relevance-based top-K: No

Our HFS: Yes

Uniform sampling: Cooked

0:00 9:46

0:00 9:46

0:00 9:46

0:00 8:00

0:00 8:00

0:00 8:00

Figure 1: Comparison on an event reasoning task. The task
requires the model to locate a sparse, critical moment within
a nine-minute video. (a) Uniform sampling sampled frames
that completely missed the critical information, leading to a
wrong prediction. (b) Relevance-based top-K selection iden-
tifies frames that are highly relevant to the query. However,
it selects highly redundant frames while overlooking the
key event necessary to answer the question. (c) Through
CoT-guided query understanding and set-level optimization,
our HFS approach effectively suppresses redundancy and
accurately locates the action of being splashed with water,
guiding the model to produce the correct answer.

from raw video has become an essential step in video understanding
tasks.

Researchers have proposed various frame selection strategies
to address this challenge. One class employs heuristic sampling
methods [18, 49], such as uniform sampling at fixed intervals. An-
other approach introduces learnable scoring mechanisms, assigning
importance scores to each frame before applying top-K selection to
obtain a critical frame subset [11, 32]. Beyond per-frame scoring,
Frame-Voyager [44] formulates frame selection as a combinatorial
ranking problem, and FFS [3] introduces a flexible selection opera-
tion that learns to determine how many frames to retain for each

1
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query. Further work leverages MLLM to generate spatial-temporal
pseudo-labels offline [11], which are then used to supervise the
training of lightweight selectors. Although these methods are ef-
fective in specific scenarios, fundamental limitations remain.

Frame selection is inherently a set-level problem, as the quality
of the selected subset depends on the interactions among frames
rather than individual frame relevance alone. However, existing
methods have not yet fully addressed this problem. Most methods
perform frame-independent relevance scoring [32, 47]. Some meth-
ods introduce temporal-coverage heuristic rules [18, 49] or random
sampling during selection to alleviate redundancy, but these strate-
gies rely on temporal uniformity or sampling randomness, and
fail to explicitly model semantic interactions between frames or
provide a differentiable set-quality objective to optimize the subset
quality as a whole. The recent training-free set-level method [31]
models inter-frame diversity and query correlation through a query-
conditioned kernel. However, its query understanding depends on
a frozen contrastive VLM text encoder, lacks deep task-intent com-
prehension, and relies on fixed kernel-based scoring that cannot be
adjusted through downstream task feedback. Other learnable meth-
ods [11, 44] train selectors using offline-generated pseudo-labels
or combinatorial ranking-based selection, but their supervision
signals are generated offline before training, disconnected from
the downstream task goals, and lack an explicit differentiable set-
quality objective to constrain the subset quality. Figure 1 shows a
typical failure case: a relevance-based method selects redundant
frames corresponding to the same event while omitting the decisive
moment required to answer the question.

In order to bridge these gaps, we propose HFS, a Holistic, query-
aware Frame Selection framework that, to the best of our knowl-
edge, is the first to integrate a differentiable set-quality objective
into end-to-end training for frame selection. HFS contains a light-
weight Small Language Model (SLM) acting as a student frame
selector, and an MLLM serving as a teacher video reasoner. Inspired
by set-function optimization [9, 34, 40], the set-quality objective
serves as a regularizer during training, enabling the model to learn
what constitutes an effective frame subset directly from the down-
stream task feedback. This design enables the model to learn what
constitutes an effective frame subset directly from the downstream
task feedback. To provide accurate scoring inputs for set-level opti-
mization, we design a Chain-of-Thought (CoT)-guided query gen-
eration mechanism [39]: SLM understands task intent through CoT
guidance, generates a variety of task-specific implicit query vec-
tors, and integrates them with multimodal features through a LoRA
adapter [10]. To achieve fully end-to-end training without reliance
on static offline supervision, we adopt a mutual learning mecha-
nism [50], where the student selector and teacher reasoner align
the frame-importance distributions through KL divergence, jointly
optimized with the cross-entropy loss of downstream tasks. This
unified objective eliminates reliance on fixed pseudo-labels. To-
gether, these three components, task-aware query understanding,
differentiable set-level optimization, and student-teacher mutual
learning, form a unified framework in which frame selection and
downstream reasoning are jointly optimized, effectively closing
the long-standing gap between frame selection quality and task
performance.

The main contributions of this paper are as follows:

1. We propose a frame selection framework that integrates a
differentiable set-quality objective into end-to-end training, jointly
optimizing frame selection with downstream task objectives.

2. We design a CoT-guided query generation mechanism that
produces task-specific implicit query vectors for deep task-intent
understanding, along with a mutual learning paradigm that elimi-
nates dependence on static offline supervision.

3. Experiments on Video-MME, MLVU, LongVideoBench, and
NExT-QA show that our method significantly outperforms exist-
ing approaches, specifically, improving MLVU M-AVG by up to
4.0 percentage points and Video-MME overall accuracy by 2.6 per-
centage points over the baseline, while surpassing the strongest
training-free method by up to 2.0 points.

2 Related Work
Video Understanding Using MLLM. Early MLLMs extended
image understanding capabilities to video inputs through visual
alignment [18]. ShareGPT4Video [4] and LLaVA-Video [49] synthe-
size dense video descriptions, while MVBench [17] provides a com-
prehensive evaluation benchmark, and InternVideo2 [37] further
scales unified multimodal video representations. Long-form video
understanding has been addressed using sparse memory mecha-
nisms [30], temporal modeling [27], context length extension [5],
and adaptive compression [28]. Recent studies also explore fine-
grained spatial understanding [15, 45], enhancing regional-level
comprehension in videos.
Video Frame Selection Using MLLM. Processing all frames in
long videos incurs high computational costs [11], while uniform
sampling often discards critical information. Consequently, recent
methods have shifted toward adaptive frame selection. AKS [32]
balances relevance and coverage through a recursive algorithm, M-
LLM [11] introduces spatial-temporal pseudo-labels, and FFS [3] en-
ables flexible frame count determination of the number of retained
frames. VideoTree [38] proposes hierarchical clustering for coarse-
to-fine extraction, while Frame-Voyager [44] and Q-Frame [47]
explore query-aware selection mechanisms with dynamic adapta-
tion. MDP3 [31] leverages determinantal point processes (DPPs)
and dynamic programming within a Markov decision framework
to perform training-free list-wise frame selection. In summary, the
relevance scoring strategies of AKS and Q-Frame remain per-frame
independent, although coverage heuristics or random sampling are
introduced, these methods lack a differentiable set-quality objective.
MDP3 realizes set-level selection through DPPs, but relies on frozen
VLM features and a predefined kernel, which prevents adaptation
through downstream task feedback. Although M-LLM and Frame-
Voyager can learn from data, their supervision signals are gener-
ated offline and similarly lack an explicit differentiable set-quality
objective. In contrast, our method incorporates a differentiable
set-quality objective as a regularizer within end-to-end training,
enabling joint optimization with downstream tasks through online
mutual learning.

3 Holistic Query-Aware Frame Selection
3.1 Overview
The overall architecture of our holistic frame selection (HFS) frame-
work is illustrated in Figure 2. The design principle of HFS is to
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Figure 2: Overall architecture of the proposed HFS framework. 1) In the task-adaptive query generation stage, the student
model performs CoT reasoning to generate task query vectors, which are aggregated with video and text features to form a
context-aware query vector. 2) Differentiable holistic frame selection scores each frame and selects key frames via Gumbel-TopK
sampling, using a set-level objective as regularization. 3) In the teacher-reasoning stage, the selected frames are fed into the
teacher model, with the teacher and student aligning their frame-importance distributions through KL divergence.

formulate frame selection as a set-level optimization problem that
can be jointly trained end-to-end with downstream tasks. This
requires three components: (i) CoT-guided query understanding,
which goes beyond shallow feature matching to capture task intent;
(ii) a differentiable set-quality objective that evaluates the selected
subset holistically; and (iii) online training signals from downstream
tasks to guide and refine the frame selection process. Let the input
video beV = {V𝑖 }𝑁𝑖=1, whereV𝑖 is the 𝑖-th frame and 𝑁 is the total
number of frames. We obtain the video embedding matrix 𝑬𝑣 using
a pre-trained visual encoder Φ𝑣 , followed by a linear projection
layer𝑾𝑣 , as follows:

𝑬𝑣 = [𝒆𝑣,1, . . . , 𝒆𝑣,𝑁 ]⊤ ∈ R𝑁×𝑑 , (1)

where 𝒆𝑣,𝑖 = 𝑾𝑣Φ𝑣 (V𝑖 ) ∈ R𝑑 is the 𝑑-dimensional embedding
vector of the 𝑖-th frame. For the text input, let𝑄 denote the question
and {𝑂 𝑗 } denote the set of answer options. We use the language
model’s embedding layer Φ𝑡 to transform the tokenized text into
the text embedding matrix 𝑬qa, as follows:

𝑬qa = Φ𝑡 ( [𝑄 ; {𝑂 𝑗 }]) ∈ R𝐿×𝑑 , (2)

where 𝐿 is the length of the tokenized text sequence.
The student frame selector M𝑠 is an SLM that takes the full

video frame embedding matrix 𝑬𝑣 and the question embedding 𝑬qa
as input. It analyzes the global visual-textual context and, through a
lightweight student scorer MLP𝑠 , predicts an importance score for
each frame in the video, thereby identifying a highly representative
key frame subset 𝑆 .

This subset is then fed, together with the original question, into
the teacher video reasonerM𝑡 . The teacher reasoner is an MLLM
that performs the final reasoning task based solely on this com-
pact and informative input. To enable mutual learning, M𝑡 also
maintains a lightweight teacher scorer MLP𝑡 that produces its own

frame-importance distribution from its internal representations, en-
abling bidirectional alignment between teacher and student during
training.

3.2 Adaptive Query Generation
Some existing video frame selection methods [11] typically rely
on a static, learnable query vector to aggregate spatio-temporal
information. However, this approach is often inadequate for han-
dling diverse video understanding tasks with varying semantic
intents. To overcome this limitation, we design a two-stage adap-
tive query generation mechanism. This mechanism first decouples
multidimensional task intentions from the input text, then deeply
integrates these intentions with visual context to provide dynamic
and precise guidance for subsequent frame selection.
CoT-guided query vector generation. The objective of this stage
is to enable the student selector M𝑠 to understand the intent be-
hind textual queries. We utilize an SLM with a task analyzer LoRA
adapter [10] to specifically process textual information, with param-
eters denoted as 𝜃1. To guide the student modelM𝑠 toward deep
comprehension of query intent, we define a structured Chain-of-
Thought (CoT) prompt [39], denoted as PCoT. This prompt instructs
the model to perform logical analysis based on the question and its
candidate options, and to identify key concepts that differentiate
these options. As a result, the model is encouraged to generate a
rich, step-by-step reasoning trace within its hidden states. The CoT
prompt is fed into the text encoder Φ𝑡 to obtain its embedding 𝑬CoT,
as follows:

𝑬CoT = Φ𝑡 (PCoT) ∈ R𝐿𝑝×𝑑 , (3)

where 𝐿𝑝 denotes the token length of PCoT. We then concatenate
𝑬CoT with the question-answer embedding 𝑬qa along the sequence

3
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Table 1: Performance comparison of video understanding models across Video-MME, the test set of MLVU, and the validation
set of LongVideoBench. † indicates results evaluated by us under the same experimental setting.

Model LLM size # Frames Video-MME (w.o./w. sub.) LongVideoBench MLVU

Short Medium Long Overall M-AVG
Avg. Duration 1.3 min 9 min 41 min 17 min 12 min 12 min

ShareGPT4Video [4] 8B 16 48.3/53.6 36.3/39.3 35.0/37.9 39.9/43.6 39.7 33.8
VideoLLaMA2 [6] 7B 8 - - - 45.1/46.6 - 45.6
Video-XL [29] 7B 128 64.0/67.4 53.2/60.7 49.2/54.9 55.5/61.0 50.7 45.5
VideoChat2-Mistral [17] 7B 16 48.3/52.8 37.0/39.4 33.2/39.2 39.5/43.8 39.3 -
Kangaroo [21] 8B 64 66.1/68.0 55.3/55.4 46.6/49.3 56.0/57.6 54.2 -
VILA-1.5 [19] 40B 14 - - - - - 44.2
LongVA [46] 7B 128/256 61.1/61.6 50.4/53.6 46.2/47.6 52.6/54.3 - 41.1
LLaVA-OneVision [14] 7B 32 - - - 58.2/61.5 56.3 -
Video-LLaVA [18] 7B 8 45.3/46.1 38.0/40.7 36.2/38.1 39.9/41.6 39.1 30.7
Chat-UniVi-v1.5 [12] 7B 64 45.7/51.2 40.3/44.6 35.8/41.8 40.6/45.9 - -
Video-CCAM [7] 14B 96 62.2/66.0 50.6/56.3 46.7/49.9 53.2/57.4 - 42.9

Qwen2.5-VL [2]† 7B 16 63.8/68.7 50.3/55.2 45.1/51.3 53.1/58.4 54.5 41.8
+ TopK+Threshold† 7B 16 65.6/69.6 55.1/58.9 47.9/52.4 56.2/60.3 56.5 43.4
+ AKS [32]† 7B 16 65.9/68.7 56.1/59.1 48.7/53.1 56.9/60.3 57.2 43.6
+ Q-Frame [47]† 7B 16 62.8/65.8 54.9/58.4 49.1/53.0 55.6/59.1 57.2 39.6
+ MDP3 [31]† 7B 16 65.6/69.9 56.1/59.1 49.9/52.9 57.2/60.6 57.0 44.4
+ HFS 7B+1.5B 16 68.9/72.2 56.3/60.4 53.9/55.0 59.7/62.6 57.3 45.6

InternVL3 [52]† 8B 16 71.1/75.3 58.8/62.1 52.2/53.8 60.7/63.7 56.7 46.0
+ TopK+Threshold† 8B 16 71.6/75.8 59.8/62.6 51.2/57.4 60.9/65.3 57.2 47.6
+ AKS [32]† 8B 16 70.1/74.0 59.9/61.3 51.6/56.9 60.5/64.1 58.5 48.0
+ Q-Frame [47]† 8B 16 69.0/73.9 59.3/61.8 51.1/58.0 59.8/64.6 57.1 48.6
+ MDP3 [31]† 8B 16 71.6/76.0 60.9/63.7 52.0/57.2 61.5/65.6 59.3 48.0
+ HFS 8B+1.5B 16 73.8/76.8 59.8/63.0 56.4/58.7 63.3/66.1 60.2 50.0

dimension to form the joint input embedding 𝑬input, as follows:

𝑬input = [𝑬CoT; 𝑬qa] ∈ R(𝐿𝑝+𝐿)×𝑑 . (4)

This combined embedding 𝑬input is then fed into the SLMM𝑠 , pa-
rameterized by 𝜃1. Under the guidance of the 𝑬CoT component,M𝑠

generates a final sequence of hidden states 𝑯 ∈ R(𝐿𝑝+𝐿)×𝑑 , which
encodes structured reasoning over the augmented text input. We
then sample 𝐾 vectors from the hidden state sequence 𝑯 at uni-
formly distributed positions, forming a set of task-specific implicit
query vectors {𝒒 (𝑘 )

task}
𝐾
𝑘=1:

{𝒒 (𝑘 )
task}

𝐾
𝑘=1 = 𝑯 [ 𝑗𝑘 ]𝐾𝑘=1,

where 𝑗𝑘 = ⌊ 𝑘 − 1
𝐾 − 1

(𝐿𝑝 + 𝐿 − 1)⌋ .
(5)

Here, 𝒒 (𝑘 )
task ∈ R𝑑 denotes the 𝑘-th task query vector, and its index

𝑗𝑘 is determined via linear interpolation over the sequence length
𝐿𝑝 + 𝐿. This uniform sampling strategy serves as a simple yet
effective heuristic for capturing information from different stages
of the CoT-augmented reasoning trace. The resulting set of vectors
is intended to capture diverse semantic aspects of the original text
query, enabling more expressive and task-aware frame selection.
Query diversification via separation loss. To ensure these 𝐾
query vectors capture task requirements from distinct angles rather

than converging to similar representations, we introduce a sepa-
ration loss Lsep. This loss function aims to maximize the angular
separation between query vectors byminimizing the sum of squared
cosine similarities between pairs:

Lsep =
2

𝐾 (𝐾 − 1)

𝐾∑︁
𝑖=1

𝐾∑︁
𝑗=𝑖+1

(
𝒒 (𝑖 )
task · 𝒒

( 𝑗 )
task

∥𝒒 (𝑖 )
task∥∥𝒒

( 𝑗 )
task∥

)2
. (6)

Generation of aggregator query. After generating text-driven
task queries, the next step is to fuse them with global visual infor-
mation to form an aggregator query. We continue using the same
SLMM𝑠 , but perform this multimodal fusion task via the context
aggregator LoRA adapter, with parameters denoted as 𝜃2. Specif-
ically, we construct a concatenated sequence 𝑬fused consisting of
the video frame embeddings 𝑬𝑣 , text embeddings 𝑬qa, the 𝐾 task
query vectors {𝒒 (𝑘 )

task}
𝐾
𝑘=1 generated in the first stage, and a learnable

aggregator query token 𝒒agg ∈ R𝑑 :

𝑬fused = [𝑬𝑣 ; 𝑬qa; {𝒒 (𝑘 )
task}

𝐾
𝑘=1; 𝒒agg] ∈ R(𝑁+𝐿+𝐾+1)×𝑑 . (7)

In this extended sequence 𝑬fused, the aggregator query token 𝒒agg is
placed at the end to integrate information from all modalities and
task queries through the self-attention mechanism of the SLM. The
hidden state corresponding to this aggregated token in the final
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Table 2: Performance comparison on the NExT-QA bench-
mark. † indicates results evaluated by us under the same
experimental setting.

Model LLM size # Frames NExT-QA
Avg. Duration 44 sec

LVNet [25] 7B 12 71.1
SlowFast-LLaVA [43] 7B 50 64.2
LLaVA-NeXT-Video [48] 7B 16 62.4
LLaVA-OneVision [14] 7B 32 79.4
Tarsier [35] 7B 8 71.6
NVILA [23] 8B 256 82.2
Video-XL [29] 7B - 77.2
Oryx-1.5 [22] 7B 64/256 81.8
Qwen2-VL [36] 7B - 77.6
Qwen2-VL [36] + M-LLM [11] 7B+1.5B - 78.4

Qwen2.5-VL [2]† 7B 16 77.8
+ TopK+Threshold† 7B 16 78.6
+ AKS [32]† 7B 16 78.8
+ Q-Frame [47]† 7B 16 79.0
+ MDP3 [31]† 7B 16 79.1
+ HFS 7B+1.5B 16 79.4

InternVL3 [52]† 8B 16 81.8
+ TopK+Threshold† 8B 16 80.7
+ AKS [32]† 8B 16 80.6
+ Q-Frame [47]† 8B 16 82.1
+ MDP3 [31]† 8B 16 81.0
+ HFS 8B+1.5B 16 83.1

output layer of the SLM is taken as the fused query vector 𝒒̂agg, as
follows:

𝒒̂agg = last(M𝑠 (𝑬fused;𝜃2)) ∈ R𝑑 . (8)

To overcome the "myopic" nature of traditional top-K selection,
which often results in selecting redundant frames, we reformulate
frame selection as a set-level optimization problem. Instead of opti-
mizing relevance scores for individual frames, our objective is to
directly optimize the quality of the selected set 𝑆 . Drawing inspira-
tion from set-function optimization [9, 34, 40], which embodies the
principle of diminishing returns, we design a differentiable, holis-
tic objective function 𝐹 (𝒎). This principle implies that once an
event is adequately covered by frames in 𝑆 , the marginal benefit of
adding more highly similar frames diminishes sharply. Accordingly,
our objective balances three complementary factors: maximizing
task relevance, ensuring information coverage, and minimizing
temporal redundancy.
Context-aware relevance scoring. We aim to generate a rele-
vance score set {𝑠𝑖 }𝑁𝑖=1 for each frame, which serves as the basis
for subsequent differentiable sampling. An accurate score must be
context-dependent. To this end, we utilize the previously gener-
ated aggregator query vector 𝒒̂agg, which encodes rich information
about specific task intent and multimodal context. We concatenate
𝒒̂agg with each frame embedding 𝒆𝑣,𝑖 ∈ R𝑑 and feed the result into
a lightweight student MLP scorer MLP𝑠 . This scorer outputs an
initial relevance score 𝑠𝑖 for each frame:

𝑠𝑖 = 𝜎 (MLP𝑠 ( [𝒆𝑣,𝑖 ; 𝒒̂agg])) ∈ [0, 1], ∀𝑖 ∈ {1, . . . , 𝑁 }, (9)

where 𝜎 denotes the sigmoid function, used to constrain the score
to the interval [0, 1]. The discrete operation of selecting the top-
K frames from the score set {𝑠𝑖 } is non-differentiable. To relax
this process, we employ the Gumbel-TopK technique [13], which
introduces Gumbel noise and generates a continuous, differentiable
selection mask 𝒎 = {𝑚𝑖 }𝑁𝑖=1 ∈ [0, 1]𝑁 via the Softmax function,
where𝑚𝑖 represents the "soft" probability of selecting the 𝑖-th frame:

𝒎, 𝑆 = Gumbel-TopK({𝑠𝑖 }𝑁𝑖=1, 𝜏, 𝑘sel), (10)

where 𝑘sel is the number of frames to select, 𝑆 is the index set
of selected frames, and 𝜏 is the temperature parameter, which is
gradually annealed during training.
Holistic set objective. We define a continuous objective func-
tion 𝐹 (𝒎) to evaluate the quality of the soft-selected set based on
three complementary criteria: Relevance (Rel), Coverage (Cov), and
Redundancy (Red).

Rel(𝒎) measures the expected cumulative relevance score of the
selected frames. It is computed by weighting the original relevance
scores 𝑠𝑖 with the soft mask 𝒎:

Rel(𝒎) =
𝑁∑︁
𝑖=1

𝑠𝑖 ·𝑚𝑖 , (11)

Cov(𝒎) encourages at least one selected frame to achieve a high
relevance score, preventing the selection from distributing proba-
bility mass uniformly across low-relevance frames. We implement
this term using the log-sum-exp function, which serves as a smooth
approximation of the maximum, with temperature parameter 𝜏𝑐 :

Cov(𝒎) = 𝜏𝑐 log
(
𝑁∑︁
𝑖=1

exp
(
𝑠𝑖 ·𝑚𝑖

𝜏𝑐

))
. (12)

To promote diversity, we introduce a temporal redundancy term
Red(𝒎), which is minimized during optimization. We define a tem-
poral similarity kernel function K(𝑡𝑖 , 𝑡 𝑗 ) that assigns higher redun-
dancy to temporally proximate frames:

K(𝑡𝑖 , 𝑡 𝑗 ) = exp
(
−
(𝑡𝑖 − 𝑡 𝑗 )2

2𝛾2

)
, (13)

Red(𝒎) =
𝑁∑︁
𝑖=1

𝑁∑︁
𝑗=1, 𝑗≠𝑖

𝑚𝑖 ·𝑚 𝑗 · K(𝑡𝑖 , 𝑡 𝑗 ) . (14)

We combine these three components with weights to obtain the
continuous set-level function 𝐹 (𝒎), as follows:

𝐹 (𝒎) = 𝜆rel · Rel(𝒎) + 𝜆cov · Cov(𝒎) − 𝜆red · Red(𝒎), (15)

where 𝜆rel, 𝜆cov, and 𝜆red are hyperparameters that balance the
contributions of relevance, coverage, and redundancy, respectively.

Notably, 𝐹 (𝒎) acts as a differentiable regularizer during end-to-
end training, rather than an independent objective requiring formal
approximation guarantees at inference time. Unlike the predefined
set-quality criteria used in the training-free method, the scores
{𝑠𝑖 } in 𝐹 (𝒎) are generated by a learnable scorer, which receives
downstream gradient signals. This allows the notions of "relevance"
and "redundancy" to adapt dynamically to specific tasks. The total
loss function Ltotal includes the term −𝜆set · 𝐹 (𝒎). Minimizing
Ltotal therefore encourages maximization of 𝐹 (𝒎), leading to the
selection of more informative and diverse frame subsets.
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Table 3: Ablation study on the main components using Qwen2.5-VL-7B-Instruct as the teacher model. Highlighted rows
indicate the configuration used in our final model.

Selection Method CoT-Query Set Objective KL-Distill Lsep MLVU LongVideoBench NExT-QA

Baseline × × × × 42.2 55.0 78.1
HFS w/o CoT-Query × ✓ ✓ × 43.4 55.3 78.5
HFS w/o Set Objective ✓ × ✓ ✓ 43.8 55.2 78.3
HFS w/o KL Distillation ✓ ✓ × ✓ 44.4 55.9 78.7
HFS w/o Lsep ✓ ✓ ✓ × 44.8 56.1 78.9
HFS ✓ ✓ ✓ ✓ 45.6 57.3 79.4

Table 4: Ablation study on the number of generated queries
𝐾 using InternVL3-8B as the teacher model.

Task analyzer LoRA Context aggregator LoRA 𝐾 Video-MME

× ✓ 0 64.5
eqa → q(1)task ✓ 1 65.2
eqa → {q(𝑘 )task}

2
𝑘=1 ✓ 2 65.7

eqa → {q(𝑘 )task}
3
𝑘=1 ✓ 3 66.1

eqa → {q(𝑘 )task}
4
𝑘=1 ✓ 4 65.9

3.3 End-to-End Training with Mutual Learning
Training frame selectors using static, offline-generatedMLLMpseudo-
labels is suboptimal because such supervision cannot adapt to task-
specific feedback. To address this limitation, we propose an end-to-
end online distillation framework [50] in which both the student
scorer MLP𝑠 and the teacher scorer MLP𝑡 are jointly optimized
through a mutual alignment objective LKL.
Downstream task supervision. One objective of this framework
is to maximize the accuracy of downstream tasks. In our teacher-
student architecture, theMLLMM𝑡 serves as the teacher. It receives
the image data V𝑆 = {V𝑖 }𝑖∈𝑆 corresponding to the key frame in-
dices 𝑆 selected by the student model M𝑠 , along with the original
question text 𝑄 and the list of options {𝑂 𝑗 }. The teacherM𝑡 per-
forms inference based on this sparse input and generates answer
logits 𝒛 ∈ R𝐶 , where 𝐶 is the number of candidate answers:

𝒛 =M𝑡 (V𝑆 , 𝑄, {𝑂 𝑗 }). (16)

We compute the standard cross-entropy loss LCE as one of the
objectives:

LCE = −
𝐶∑︁
𝑐=1

𝑦𝑐 log(Softmax(𝒛)𝑐 ), (17)

where 𝑦𝑐 is the ground-truth label. It forms a one-hot vector 𝒚 ∈
{0, 1}𝐶 , such that 𝑦𝑐 = 1 when 𝑐 is the index of the correct answer,
and 𝑦𝑐 = 0 otherwise. Simultaneously, we introduce the set-level
objective 𝐹 (𝒎) as a structured regularization term, which directly
evaluates the intrinsic quality of the selected set 𝑆 .
Mutual learning. To enable co-training, we extract frame-level
representations from the second-to-last hidden layer ofM𝑡 . Vision
tokens corresponding to each frame are identified and average-
pooled to produce vectors 𝒉𝑖 , forming 𝑯M𝑡

= [𝒉1, . . . ,𝒉𝑘sel ]⊤ ∈
R𝑘sel×𝑑ℎ , where 𝑑ℎ denotes the hidden dimension of the teacher
modelM𝑡 . We also extract the final text token’s hidden state 𝒉con as

Table 5: Ablation study on the components of the set quality
objective 𝐹 (𝒎) using InternVL3-8B as the teacher model.

Set quality Objective MLVU LongVideoBench
Relevance Coverage Redundancy

× × × 47.8 58.0
✓ × × 48.4 58.5
✓ ✓ × 49.4 59.3
✓ × ✓ 49.0 59.1
✓ ✓ ✓ 50.0 60.2

a global context summary. The teacher scorer MLP𝑡 then generates
its importance distribution:

𝒑M𝑡
= Softmax(MLP𝑡 ( [𝑯M𝑡

;𝒉con])) ∈ R𝑘sel . (18)

Correspondingly, the student distribution 𝒑M𝑠
is obtained by

smoothing its own frame importance scores {𝑠𝑖 }𝑖∈𝑆 using a distilla-
tion temperature 𝜏𝑑 :

𝒑M𝑠
= Softmax({𝑠𝑖/𝜏𝑑 }𝑖∈𝑆 ) ∈ R𝑘sel . (19)

We employ the Kullback-Leibler divergence as our alignment
loss LKL. Gradients from LKL flow back to both the student scorer
MLP𝑠 and the teacher scorer MLP𝑡 , forcing them to co-evolve:

LKL =

𝑘sel∑︁
𝑖=1

𝒑M𝑡 ,𝑖 log
𝒑M𝑡 ,𝑖

𝒑M𝑠 ,𝑖

. (20)

Overall objective.Our final training objectiveLtotal is a multi-task
loss function that integrates all the above loss components:

Ltotal = LCE + 𝜆KL · LKL − 𝜆set · 𝐹 (𝒎) + 𝜆sep · Lsep, (21)

where 𝜆KL, 𝜆set, and 𝜆sep are hyperparameters controlling the con-
tribution of each term.

4 Experiments
4.1 Experimental Setup
Datasets. We trained our model using data from two video in-
struction datasets: 1) 250K annotated samples from VideoChat2-
IT [17], covering multiple task types including video description,
question-answering, and reasoning. 2) 196K samples from LLaVA-
Video-178K [49].
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Table 6: Ablation study on the supervision strategy using
InternVL3-8B as the teacher model.

Pseudo-label LCE LKL NExT-QA Video-MME

✓ × × 82.1 64.4
× ✓ × 82.8 65.3
× ✓ ✓ 83.1 66.1

Table 7: Ablation study on the set-level optimization weight
configuration using Qwen2.5-VL-7B-Instruct as the teacher
model.

𝜆rel 𝜆cov 𝜆red
Video-MME

Short Medium Long Overall

0.4 0.4 0.2 72.0 59.9 54.1 62.0
0.5 0.2 0.3 71.9 60.1 54.3 62.1
0.5 0.3 0.2 72.2 60.4 55.0 62.6
0.3 0.3 0.4 71.3 59.0 53.2 61.2

We evaluated performance across four benchmarks: 1) Video-
MME [8], which is subdivided into short-, medium-, and long-
duration subset, and evaluated under both uncaptioned and cap-
tioned configurations; 2) the validation set of LongVideoBench [41],
featuring an average video length of 12 minutes and containing
reasoning tasks tailored for extended videos; 3) the test set of
MLVU [51], which encompasses topic reasoning, anomaly detection,
and needle QA tasks, with an average video length of 12 minutes;
and 4) the test set of NExT-QA [42], with an average video length
of 44 seconds.
Baselines.We compare HFS with other frame selection methods,
and all methods are evaluated under the same experimental settings.
(1) Uniform sampling, which samples 𝑘sel frames evenly at fixed
intervals. (2) TopK+Threshold, which uses CLIP to calculate the
cosine similarity between each frame and the query, filter out frames
below a fixed threshold of 0.85, and then select the top-𝑘sel frames
from the remaining candidates. (3) AKS [32], (4) Q-Frame [47], (5)
MDP3 [31], which are training-free frame selection methods and
are directly applied at inference time.
Implementation details. We employ Qwen2.5-1.5B-Instruct [33]
as the student frame selector M𝑠 , and Qwen2.5-VL-7B-Instruct [2]
together with InternVL3-8B-hf [52] as the teacher video reasoner
M𝑡 . For video encoding, we use CLIP ViT-Base-Patch32 [26] to ex-
tract visual features from input frames, keeping the visual encoder
frozen throughout training. The linear projection layer𝑾𝑣 is jointly
trained with the other learnable components. The initial video is
uniformly sampled at a resolution of 224 × 224 to yield 𝑁 = 128
frames, from which the selector identifies 𝑘sel = 16 key frames.

We perform parameter-efficient fine-tuning using LoRA [10]
on three distinct adapters. In the student frame selector M𝑠 , the
adapter for CoT-guided query generation (parameterized as 𝜃1),
which generates 𝐾 = 3 task-specific query vectors, employs rank
𝑟1 = 16, while the adapter for context aggregation (parameterized
as 𝜃2) adopts rank 𝑟2 = 16. In the teacher video reasoner M𝑡 , the

adapter for answer generation employs rank 𝑟3 = 8. We employ
AdamW [24] to optimize all trainable parameters, with a learning
rate of 1 × 10−5 and a weight decay of 0.01. The effective batch size
is 16.

The continuous set-level objective function balances three terms
with weights: 𝜆rel = 0.5, 𝜆cov = 0.3, and 𝜆red = 0.2. For Gumbel-
TopK sampling, we initialize the temperature 𝜏 = 2.0 and apply
exponential decay with a decay factor of 0.999 per step, reaching
a minimum value of 𝜏min = 0.5. The smoothing parameter 𝜏𝑐 for
the Cov(𝒎) is set to 2.0. The temporal similarity kernel employs a
bandwidth of 𝛾 = 10.0 for redundancy calculation. The KL diver-
gence loss weight 𝜆KL linearly increases from 0.1 to 1.0 during the
first epoch, serving as a warm-up phase, prioritizing task accuracy
while maintaining teacher-student alignment. The distillation tem-
perature 𝜏𝑑 is set to 0.5. The set-level optimization regularization
loss weight is set to 𝜆set = 1 × 10−4, and the query separation loss
weight is set to 𝜆sep = 0.01.

4.2 Main Results
Table 1 demonstrates the performance of HFS on Video-MME [8],
MLVU [51], and LongVideoBench [41]. The upper section lists rep-
resentative video understanding models for reference, while the
lower section compares different frame selection methods under
identical experimental settings. On the Video-MME benchmark,
HFS exhibits stable gains across short, medium, and long video sub-
sets. Notably, InternVL3 [52] with HFS achieves the best overall per-
formance and leads on both short and long subsets, validating HFS’s
generalizability and robustness. On MLVU, integrating HFS with
Qwen2.5-VL [2] and InternVL3 [52] improves M-AVG scores by 3.8
and 4.0 percentage points, respectively. On LongVideoBench [41],
combining the InternVL3 [52] with HFS achieves a score of 60.2%,
significantly outperforming all baseline models.

Table 2 further evaluates performance on the NExT-QA bench-
mark [42], which emphasizes fine-grained temporal and causal
reasoning, thereby placing stringent demands on the quality of
frame selection. Our InternVL3 [52] combined with HFS achieves
an accuracy of 83.1%, surpassing all state-of-the-art methods, in-
cluding NVILA [23] and Oryx-1.5 [22].

4.3 Ablation Studies
As shown in Table 3, we validated the effectiveness of the four
primary components in HFS. The baseline is defined as a model
trained end-to-end using only LCE, employing static queries and
relying on top-k selections from MLP𝑠 . HFS, which integrates all
components, consistently outperforms the baseline across all three
benchmarks, demonstrating the overall efficacy of the proposed
HFS framework.
Impact of CoT-guided query vectors.We further examine the
impact of varying the number of query vectors 𝐾 in Table 4, using
InternVL3-8B [52] as the teacher model for this experiment. When
𝐾 = 0, the model degenerates to using static queries, yielding
the lowest performance. As 𝐾 increases from 1 to 3, performance
on Video-MME steadily improves, peaking at 66.1% when 𝐾 = 3.
However, performance slightly declined to 65.9% at 𝐾 = 4, likely
due to the introduction of redundant information. Based on these
results, we set 𝐾 = 3 for all other experiments.
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Figure 3: Accuracy-latency comparison of uniform sam-
pling and HFS under different 𝑘sel settings (teacher model:
Qwen2.5-VL-7B-Instruct). The dotted arrow indicates that
HFS with a smaller 𝑘sel can exceed the accuracy of uniform
sampling with a larger 𝑘sel, while having lower inference
latency.

Set-level objective analysis. As shown in Table 5, the baseline
without 𝐹 (𝒎) achieves 47.8% on MLVU [51]. Adding the relevance
term Rel(𝒎) alone yields a 0.6 percentage point improvement. In-
corporating the coverage term Cov(𝒎) on top of Rel(𝒎) delivers
the greatest marginal gain, indicating that incentivizing coverage is
crucial for avoiding information bottlenecks. Simultaneously intro-
ducing the redundancy term Red(𝒎) further improves performance
to 50.0%. Table 7 confirms that our weight configuration (𝜆rel = 0.5,
𝜆cov = 0.3, 𝜆red = 0.2) achieves the best overall performance on
Video-MME. [8].
Supervision strategy comparison. Table 6 compares three dif-
ferent supervision strategies: 1) training with static pseudo-labels
generated offline by using Qwen2.5-VL-7B-Instruct [2]; 2) end-to-
end training using only cross-entropy loss from the downstream
task; and 3) our complete end-to-end online distillation framework.
Training with LCE but without the LKL distillation loss already
outperforms using static pseudo-label supervision. By introducing
the distillation loss LKL, our approach achieves state-of-the-art
performance on both NExT-QA [42] and Video-MME [8].
Efficiency analysis. Figure 3 compares the performance and la-
tency of HFS versus uniform sampling under different frame se-
lection counts 𝑘sel. Latency was measured using a batch size of 1
on a single NVIDIA H100 GPU to reflect real-world single-sample
inference speeds, and includes the student selector overhead. HFS
significantly outperforms uniform sampling across all 𝑘sel settings.
Notably, HFS with 𝑘sel = 8 surpasses the accuracy of uniform sam-
pling with 𝑘sel = 16, while reducing inference latency from 0.59s to
0.49s per sample.

Question: How did the yellow sponge calm down after receiving the 
letter in the video?

Uniform sampling: Cooked

Relevance-based top-K: Sang with the snail

Our HFS: Got splashed with a bucket of water by the snail

Question: Did I leave the Tv on?

Uniform sampling: No

Relevance-based top-K: No

Our HFS: Yes

Uniform sampling: Cooked

0:00 9:46

0:00 9:46

0:00 9:46

0:00 8:00

0:00 8:00

0:00 8:00

Figure 4: Qualitative comparison on an egocentric reason-
ing task. Uniform sampling selects frames from outdoor
and kitchen scenes that are unrelated to the "TV" target.
Relevance-based top-K sampling successfully localizes the
"TV" object; however, the final selected frame depicts the "TV
off" state. In contrast, our HFS also localizes the "TV" object,
but its selected frames consistently capture the "TV on" state.

4.4 Qualitative Analysis
We provide a qualitative analysis in Figure 4. The task involves
identifying the running status of a television (TV) in a long ego-
centric video. Uniform sampling completely fails to capture frames
containing the television. Relevance-based top-K sampling locates
the TV object but shows it in the ’off’ state, as shallow visual simi-
larity cannot distinguish task-relevant state changes. In contrast,
HFS leverages CoT-guided queries to infer the need to identify the
operational status and selects a frame that correctly shows the "TV
on" state.

5 Conclusion
This paper proposes an end-to-end, task-adaptive framework for
video frame selection, where a CoT-guided query generation mecha-
nism adapts the selection focus to diverse task intents. The set-level
optimization objective jointly enhances relevance, coverage, while
suppressing redundancy. Moreover, themutual learningmechanism
between the student selector and the teacher reasoner eliminates
the reliance on offline pseudo-labels. Extensive experiments across
multiple benchmarks demonstrate that our method consistently
outperforms existing approaches.
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