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ABSTRACT

Video large language models (Vid-LLMs) excel at diverse video-language tasks
by reasoning over selected frames. However, frame selection for long videos re-
mains challenging, as it requires retrieving relevant frames distributed across seg-
ments from a large candidate pool given complex queries. This paper investigates
dominant approaches to long-video frame selection from a task-decomposition
perspective, identifying two key challenges: the Query Comprehension Gap in
similarity-based methods and the Interpretation—Selection Gap in judgment-based
methods. To address them, we propose RACER, a training-free reflective agen-
tic framework that decomposes long-video frame selection into query interpre-
tation driven by a lightweight Vid-LLM and evidence localization supported by
an embedding model serving as a retrieval tool. Specifically, the Vid-LLM is re-
sponsible solely for reformulating the complex query into sub-queries that make
implicit information requirements explicit, mitigating the Query Comprehension
Gap. Meanwhile, the retrieval tool leverages these sub-queries to localize relevant
evidence, relieving the Vid-LLLM of direct frame selection and thus addressing
the Interpretation—Selection Gap. Finally, the retrieved frames are fed back to
the Vid-LLM for sub-query refinement, forming a reflection loop that iteratively
improves query interpretation and frame selection. Experiments across multiple
benchmarks show that RACER consistently improves long video understanding.
Notably, RACER achieves effective frame selection even with limited-capability
components, demonstrating that agentic integration enables these components to
enhance more capable Vid-LLMs. Code will be released.

1 INTRODUCTION

Video large language models (Vid-LLMs) (Zhang et al.| [2023; |Maaz et al., |2024; [Lin et al., 2024;
Yan et al.l|2026)) integrate selected video frames with textual queries, achieving significant advances
across diverse video-language tasks. However, key-frame selection in long videos remains chal-
lenging, as query-relevant evidence is scattered across segments within a vast candidate frame pool,
while complex queries often fail to specify the required visual evidence. These challenges pose re-
liability and safety risks in autonomous driving (Ma et al.} 2024)), robotics (Wang et al.| 2025a), and
security (Lv & Sun| 2024).

Various approaches have been proposed for long-video frame selection, broadly following
similarity-based and judgment-based paradigms. Similarity-based methods use embedding models
(e.g., CLIP (Radford et al., 2021)) to score query-frame similarity for frame selection. BOLT (Liu
et al.,[2025) improves selection through inverse transform sampling, while Q-Frame (Zhang et al.,
2025c)) combines Gumbel-Max sampling with multi-resolution adaptation. AKS (Tang et al., [2025)
incorporates temporal coverage into selection, whereas MDP? (Sun et all [2025) considers di-
versity and sequentiality in frame-set construction. In contrast, judgment-based methods employ
VLM/LLM decisions on candidate frames and segments, either assigning relevance levels or per-
forming binary selection. Existing approaches include LLM assessment of VLM-generated cap-
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Figure 1: Two key challenges in long-video frame selection. Answering “Why did the milk
spill?” requires evidence of the cat tipping the glass and the resulting spill. Query Compre-
hension Gap (left): similarity-based methods overlook implicit causal requirements, retrieving
spilled-milk frames while missing the cat tipping the glass. Interpretation-Selection Gap (right):
judgment-based methods understand implicit evidence requirements but fail to perform selection
reliably, choosing a milk-pouring frame instead of the causal action.

tions (Wang et al., 2025b; [Zhang et al., 2024a)), iterative LLM selection of temporal search re-
gions (Wang et al.l [2024a)), and iterative VLM assignment of relevance levels to promising candi-
dates (Zou et al.} 2026). However, existing methods treat frame selection as a single task driven by
similarity scoring or VLM/LLM judgment, leaving the processes of determining what evidence is
needed and locating where it appears largely coupled.

This paper investigates long-video frame selection from a task-decomposition perspective, iden-
tifying the Query Comprehension Gap in similarity-based methods when interpreting evidence
requirements and the Interpretation—Selection Gap in judgment-based methods when localizing
relevant evidence, as illustrated in Figure[I] Similarity-based methods enable efficient and precise
retrieval from large candidate pools, but embedding models may fail to capture the temporal, causal,
and implicit information requirements of complex queries. Judgment-based methods can interpret
complex queries and describe potentially relevant visual evidence, yet such understanding does not
necessarily translate into reliable frame or segment selection.

To bridge these gaps, we propose RACER, a training-free reflective agentic framework that decom-
poses long-video frame selection into query interpretation assigned exclusively to a lightweight Vid-
LLM and evidence localization delegated to an embedding model serving as a retrieval tool. Specif-
ically, the Vid-LLM observes a video overview and reformulates the complex query into sub-queries
that make distinct implicit information requirements explicit to the embedding model, thereby miti-
gating the Query Comprehension Gap. Meanwhile, the retrieval tool grounds the original query and
the generated sub-queries in candidate frames through similarity scoring, relieving the Vid-LLM of
direct frame selection and addressing the Interpretation—Selection Gap. Finally, the retrieved frames
are fed back to the Vid-LLM for sub-query refinement, forming a reflection loop that iteratively
improves query interpretation and frame selection.

Experiments demonstrate that RACER consistently improves performance on long-video under-
standing benchmarks, including Video-MME (Fu et al., 2025), MLVU (Zhou et al., 2025), and
LongVideoBench (Wu et all 2024). These gains extend across multiple Vid-LLMs, including
LLaVA-OneVision (Li et al.l 2025a), LLaVA-Video (Zhang et al.| 2024b), Qwen2.5-VL (Bai et al.,
2025b), and Qwen3-VL (Bai et al.| [2025a). Notably, RACER achieves effective key-frame selec-
tion even with limited-capability components, demonstrating that agentic integration enables these
components to enhance more capable Vid-LLMs.

Our contributions are summarized as follows:

* We investigate long-video frame selection from a task-decomposition perspective, identifying the
Query Comprehension Gap in similarity-based methods and the Interpretation—Selection Gap
in judgment-based methods.

* We propose RACER, a training-free reflective agentic framework that decomposes long-video
frame selection into query interpretation assigned exclusively to a lightweight Vid-LLM and evi-
dence localization delegated to an embedding model serving as a retrieval tool.
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» Comprehensive experiments demonstrate RACER’s effectiveness across multiple long-video un-
derstanding benchmarks and Vid-LLM families. The results further show that agentic integration
enables limited-capability components to enhance more capable Vid-LLMs.

2 RELATED WORK

2.1 VIDEO LARGE LANGUAGE MODELS (VID-LLMS)

Early Vid-LLMs connect video features to LLMs through query-based adapters (L1 et al., [2025b;
Zhang et al. [2023) or spatiotemporal pooling (Maaz et al., 2024). Video-LLaVA (Lin et al., 2024)
aligns image and video representations, while VILA (Wang et al.| |2024b)) adopts interleaved pre-
training. More recent models (L1 et al., [2025aj |[Zhang et al., [2024b; Bai et al., |2025bja; |Zhu et al.,
2025)), further improve unified image-video modeling, instruction tuning, and spatiotemporal rep-
resentation. For long videos, MovieChat (Song et al., 2024) and LLaMA-VID (Li et al.| [2024)
compress visual inputs through memory or compact tokens, while LongVA (Zhang et al., 2025b)
and LongVU (Shen et al., [2025) extend context capacity through adaptive spatiotemporal compres-
sion. Nevertheless, Vid-LLMs process only limited sampled frames, making effective key-frame
selection critical for video understanding.

2.2 KEY-FRAME SELECTION FOR VID-LLMS

Existing Vid-LLM frame-selection methods broadly follow similarity-based and judgment-based
paradigms. Similarity-based methods use embedding models, such as CLIP (Radford et al., 2021),
to score query—frame similarity for frame selection. Building on these similarity scores, BOLT (Liu
et al., |2025) uses inverse transform sampling, while Q-Frame (Zhang et al.l 2025¢) combines
Gumbel-Max sampling with multi-resolution adaptation. AKS (Tang et al., [2025) adds temporal
coverage, whereas MDP? (Sun et al., 2025) considers diversity and sequentiality. Other methods
adapt frame allocation using temporal structure or similarity distributions (Miraj et al.|[2026; Zhang
et al 2026). In contrast, judgment-based methods use VLM/LLM decisions to assign relevance
levels or select candidate frames and temporal regions. Caption-mediated judgments support hi-
erarchical frame selection (Wang et al., 2025b) and supporting-frame identification in grounded
VideoQA (Zhang et al.,|2024a)). VideoAgent (Wang et al., 2024al) iteratively selects temporal search
regions for progressive video analysis, while A.LR. (Zou et al.| 2026)) assigns relevance levels to
promising candidates and expands the search around validated frames. Other approaches learn selec-
tion decisions through localization (Yu et al., 2023), rankings derived from downstream prediction
losses (Yu et al} [2025), or autoregressive policies trained with answer feedback (Lee et al., [2026).
While effective, these methods primarily treat frame selection as a unified task driven by similar-
ity scoring or VLM/LLM judgment, leaving evidence requirement interpretation and localization
largely coupled, a limitation this work aims to address through task decomposition.

3 METHOD

3.1 CHALLENGES IN DOMINANT FRAME SELECTION APPROACHES

Effective frame selection requires interpreting query-implied evidence requirements and reliably
localizing corresponding frames within a large candidate pool. However, similarity-based methods
face the Query Comprehension Gap in interpreting complex queries, whereas judgment-based meth-
ods face the Interpretation—Selection Gap in selecting relevant frames. This section analyzes these
two challenges.

3.1.1 QUERY COMPREHENSION GAP IN SIMILARITY-BASED METHODS

Similarity-based methods select frames by query—frame embedding similarity. While effective for
simple queries requiring a single salient evidence target, they are less effective for complex queries
requiring multiple evidence targets linked by temporal, causal, or relational dependencies.

To reveal this challenge, two LongVideoBench (Wu et al.|[2024)) subsets differing in query complex-
ity are considered: single-evidence L1-Perception and multi-evidence L2-Relation. Three methods
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Figure 2: Empirical analysis of two gaps on LongVideoBench subsets. (a) Embedding models
such as CLIP handle single-evidence queries effectively but struggle with implicit requirements in
complex queries, which query decomposition helps make explicit. (b) VLMs are more effective at
interpreting complex queries and describing relevant evidence than at directly selecting frames, as
using these interpretations to guide tool-based selection yields higher accuracy and lower latency
than direct VLM selection, especially for long videos.

are compared: uniform sampling, direct selection using only the original query, and decomposed
selection using both the original query and sub-queries generated through query decomposition
by a lightweight Vid-LLM (Qwen2.5-VL-3B) observing 32 uniformly sampled overview frames.
Both selection methods select the top-32 frames by CLIP query—frame similarity. All methods use
32 frames for VideoQA with LLaVA-OneVision. As shown in Figure [2a] direct and decomposed
selection yield equally substantial accuracy gains over uniform sampling on single-evidence L1-
Perception queries, whereas on multi-evidence L2-Relation queries, the gain is only 0.8 for direct
selection compared with 3.2 for decomposed selection. These results illustrate the Query Compre-
hension Gap in similarity-based methods: embedding models struggle to capture implicit require-
ments in complex queries, while query decomposition makes these requirements explicit.

3.1.2 INTERPRETATION—SELECTION GAP IN JUDGMENT-BASED METHODS

Judgment-based methods employ VLM/LLM decisions on candidate frames and segments. While
effective at understanding complex queries and describing potentially relevant evidence, these mod-
els can be inefficient and unreliable when assigning relevance levels or making binary selections
over large candidate pools.

To reveal this challenge, the subset of LongVideoBench (Wu et al., [2024) with the widest duration
range is considered and divided by video duration into two groups: 900-2250 and 2250-3600 sec-
onds. Three methods are compared: uniform sampling, VLM judgment-based selection assigning
a relevance level to each frame, and tool-augmented VLM selection, where the VLM only decom-
poses the query into sub-queries based on 32 uniformly sampled overview frames, while CLIP
serves as a retrieval tool to score frames against the original query and sub-queries. Both VLM
variants use Qwen2.5-VL-3B and select the top-32 frames by relevance levels or similarity scores.
All methods use 32 frames for VideoQA with LLaVA-OneVision. As shown in Figure [2b] both
VLM variants improve accuracy over uniform sampling, while tool-augmented VLM selection con-
sistently outperforms VLM judgment-based selection in accuracy and efficiency, achieving an addi-
tional accuracy gain of 3.5 and a 5.4 x speedup in the longer-duration group. These results illustrate
the Interpretation—Selection Gap in judgment-based methods: VLM/LLM judgment does not en-
sure reliable and efficient frame selection. The higher accuracy and efficiency of retrieval guided
by VLM-generated interpretations suggest that VLMs are better suited to interpreting evidence re-
quirements than selecting frames, especially for longer videos.
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Figure 3: Overview of RACER. RACER begins with (a) Query Interpretation, where a
lightweight Vid-LLM uses a uniformly sampled overview to decompose the query into complemen-
tary sub-queries, making implicit evidence requirements explicit. Then, (b) Evidence Localization
employs an embedding-based retrieval tool to score candidate frames against the original query and
sub-queries, followed by entropy-adaptive score fusion and DPP selection to obtain relevant and
visually diverse key frames. Finally, (c) Reflection merges feedback frames with the overview, re-
moving duplicates and the least visually aligned overview frames to maintain the frame budget. The
resulting hybrid overview guides sub-query refinement for the next selection round.

3.2 RACER: REFLECTIVE AGENT COUPLING QUERY INTERPRETATION AND TOOL-BASED
RETRIEVAL

Building on these observations, we propose RACER, a training-free reflective agentic framework
that decomposes long-video frame selection into query interpretation and evidence localization, ad-
dressing the Query Comprehension Gap and the Interpretation—Selection Gap, respectively. As
illustrated in Figure[3] RACER begins with query interpretation: a lightweight Vid-LLM observes a
video overview and decomposes the query into sub-queries, making distinct implicit information re-
quirements explicit to the embedding model. For evidence localization, the embedding model serves
as a retrieval tool, grounding the original query and sub-queries in candidate frames through simi-
larity scoring and relieving the Vid-LLM of direct frame selection. Finally, retrieved frames are fed
back to the Vid-LLM for sub-query refinement, forming a reflection loop that iteratively improves
query interpretation and frame selection.

3.2.1 TASK FORMULATION: FRAME SELECTION IN LONG VIDEO UNDERSTANDING

Frame selection enables Vid-LLMs with limited frame budgets to understand long videos. Given
candidate frames V = {I;}]_, and a budget N < T, a selector S selects key frames K based on a

query q:

K=8WV,q), KcV, IKl=N (D
The selected frames K and query ¢ are then provided to a Vid-LLM F to generate an answer:
A=F(K,q). 2)

3.2.2 QUERY INTERPRETATION

As discussed in Section [3.1.1] the Query Comprehension Gap limits embedding models in han-
dling complex queries requiring interrelated evidence. To address this gap, the Query Interpretation
module decomposes the original query into sub-queries, making implicit retrieval needs explicit.

Specifically, the module employs a lightweight Vid-LLM 7 to generate sub-queries {q1,...,qn}
from query ¢ and a video overview comprising N frames uniformly sampled from the candidate
pool V:

) QM} = 7T(q, Uniform(V, N)) . (3)

The decomposition is guided by the prompt in Table [I] which instructs 7 to generate complemen-
tary, visually grounded sub-queries, each targeting a distinct information requirement implicit in the
original query.

{ql,...
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Table 1: Prompt for Query Interpretation. Table 2: Prompt for Sub-Query Refinement.
Query Interpretation Prompt Sub-Query Refinement Prompt
You are analyzing a video question. To answer the main question You are refining sub-questions for a video question. Given the cur-
well, you sometimes need to first know the answers to simpler sub- rent sub-questions and newly retrieved video frames, revise the sub-
questions about the video. Watch the video and propose 2-3 such questions to better capture the information needed to answer the main
sub-questions. question.
Each sub-question must: Each refined sub-question must:
¢ Be answerable by looking at a single still frame—ask about ¢ Use the retrieved visual evidence to preserve useful sub-questions,
visible objects, people, places, attributes, settings, or counts. revise ineffective ones, or introduce missing information needs.
Avoid asking about actions, sequences, order, changes over time, * Be answerable by looking at a single still frame—ask about visible
or “what happens next”—those cannot be answered from one objects, people, places, attributes, settings, or counts. Avoid asking
frame. about actions, sequences, order, changes over time, or “what hap-
¢ Point to information the main question implicitly depends on, pens next”.
but does not itself ask about directly.  Point to information the main question implicitly depends on, but
* Be phrased in plain natural language as a question rather than a does not itself ask about directly.
statement or caption. * Be different from the main question and from each other.

« Be different from the main question and from each other. Main question: {query}

Main question: {query} Current sub-questions: {sub_queries}

3.2.3 TooL-BASED EVIDENCE LOCALIZATION

As discussed in Section [3.1.2] the Interpretation—Selection Gap limits the reliability of direct VLM
relevance judgments, while inference costs increase with the candidate pool size. To address this
gap, the Tool-Based Evidence Localization module delegates frame selection to an embedding
model, using query—frame similarity to retrieve relevant frames from the candidate pool.

Specifically, the embedding model separately matches the original query ¢ and generated sub-queries
q1, - --,qn against each candidate frame I; through query—frame similarity:

S(Qvlt) :COS(Et(Q)va(It))v S(qmvjt) :COS(Et(qm)’EU(It))7 m = ]-a“'va (4)
where F; and F, denote the text and visual encoders of the embedding model, respectively.

The resulting similarity scores are adaptively fused into a relevance score s; for each candidate
frame:

M

(75Hm)
st =woS(0. 1)+ Y wmS(gm: L), Wi = (1 — wp) —k NG
PR Z: ' VSN exp(—BH;)

Here, wy is the fixed weight for the original query, w,, is the adaptive weight for sub-query g,
and H,, is the entropy of its query—frame similarity distribution. The parameter 3 controls entropy
sensitivity, with larger weights assigned to lower-entropy, more discriminative retrieval signals.

Finally, DPP-based sampling (Macchi, [1975} (Chen et al.l |2018) selects IV relevant and visually
diverse frames by greedily approximating determinant maximization over Ly, the submatrix of the
DPP kernel L indexed by K:

K =~ arg maxdet(Lg), L;j = (s;85) Lo+ cos(By (1), EU(Ij)). (6)

|IK|=N 2

Here, the kernel L combines min-max-normalized relevance scores s; with rescaled cosine simi-
larity to capture visual redundancy. Larger o emphasizes relevance, while smaller o favors visual
diversity.

3.2.4 REFLECTION LoopP

To iteratively enhance Query Interpretation and Tool-Based Evidence Localization, RACER estab-
lishes a reflection loop in which tool-selected key frames serve as visual feedback for sub-query
refinement.

Specifically, in each reflection round, the first B frames selected by DPP-based sampling form the
feedback set R. A hybrid overview H combines all feedback frames with selected uniform overview
frames under the budget N:

1+ cos(Ey(1y,), B, (1))

H =R U Topy_ g (Uniform(V, N) \ R; ry), Tu = max 5 . (D
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Table 3: Comparison with state-of-the-art frame-selection methods across three benchmarks and
four Vid-LLMs: accuracy (%) for Video-MME and LongVideoBench, and M-Avg for MLVU.
Parentheses show gains over uniform sampling (positive in green). Average is the unweighted mean;
bold/underline mark best/second-best results per Vid-LLM. RACER achieves the best or tied-best
performance across all benchmarks and answering models.

Vid-LLMs ‘ Frame Selection Method Video-MME (1-60 min) MLVU (3-120 min) LongVideoBench (1-60 min) ‘ Average
Uniform 58.5 (+0.0) 62.4 (+0.0) 56.6 (+0.0) 59.2 (+0.0)
AKS (Tang et al.}|2025) 58.4 (-0.1) 66.8 (+4.4) 59.3 (+2.7) 61.5(+2.3)
BOLT (Liu et al.[[2025) 59.9 (+1.4) 66.8 (+4.4) 59.6 (+3.0) 62.1 (+2.9)
MDP? (Sun et al.[[2025) 60.5 (+2.0) 68.3 (+5.9) 59.0 (+2.4) 62.6 (+3.4)
LLaVA-OV-7B AdaQ (Zhang et al.|[2026) 59.5 (+1.0) 69.4 (+7.0) 60.0 (+3.4) 63.0 (+3.8)
GIFT (Ma et al.[[20206) 61.2 (+2.7) 69.4 (+7.0) 59.6 (+3.0) 63.4 (+4.2)
A.LR. (Zou et al.][|2026) 61.4 (+2.9) 69.3 (+6.9) 60.7 (+4.1) 63.8 (+4.6)
RACER (ours) 61.9 (+3.4) 70.0 (+7.6) 60.9 (+4.3) 64.3 (+5.1)
Uniform 62.6 (+0.0) 64.7 (+0.0) 58.0 (+0.0) 61.8 (+0.0)
AKS (Tang et al.[2025) 64.5 (+1.9) 65.4 (+0.7) 59.8 (+1.8) 63.2 (+1.4)
LLaVA-Video-7B | BOLT (Liu et al.[[2025) 64.1 (+1.5) 66.5 (+1.8) 59.8 (+1.8) 63.5 (+1.7)
GIFT (Ma et al.|[2026) 65.0 (+2.4) 67.4 (+2.7) 60.2 (+2.2) 64.2 (+2.4)
RACER (ours) 65.0 (+2.4) 72.0 (+7.3) 61.3 (+3.3) 66.1 (+4.3)
Uniform 60.8 (+0.0) 59.3 (+0.0) 58.1 (+0.0) 59.4 (+0.0)
AKS (Tang et al.}[2025) 62.8 (+2.0) 69.1 (+9.8) 58.8 (+0.7) 63.6 (+4.2)
BOLT (Liu et al.[[2025) 64.1 (+3.3) 66.3 (+7.0) 58.6 (+0.5) 63.0 (+3.6)
Qwen2.5-VL-7B | MDP? (Sun et al.{[2025) 63.8 (+3.0) 66.2 (+6.9) 60.0 (+1.9) 63.3 (+3.9)
GIFT (Ma et al.|[2026) 64.4 (+3.6) 68.2 (+8.9) 61.3 (+3.2) 64.6 (+5.2)
A.LR. (Zou et al.][2026) 65.0 (+4.2) 67.5 (+8.2) 61.4 (+3.3) 64.6 (+5.2)
RACER (ours) 65.0 (+4.2) 70.9 (+11.6) 62.2 (+4.1) 66.0 (+6.6)
Uniform 64.4 (+0.0) 64.4 (+0.0) 60.4 (+0.0) 63.1 (+0.0)
Qwen3-VL-8B BOLT (Liu et al.![2025) 65.7 (+1.3) 70.3 (+5.9) 62.2 (+1.8) 66.1 (+3.0)
AdaQ (Zhang et al.|[2026) 67.7 (+3.3) 72.0 (+7.6) 63.8 (+3.4) 67.8 (+4.7)
RACER (ours) 67.9 (+3.5) 73.5 (+9.1) 64.0 (+3.6) 68.5 (+5.4)

After excluding frames already in R, each remaining overview frame I, is scored by its maximum
visual similarity to any feedback frame I,.. The operator Top,(+; r,,) retains the k highest-scoring
frames, removing the least similar overview frames while preserving all feedback frames. Thus, H
combines retrieved evidence with visually aligned overview context.

Finally, given the original query ¢, hybrid overview #, and current sub-queries{qi, ..., g}, the
lightweight Vid-LLM 7 refines the retrieval targets:
{a, - amt =mle. HAqr, - au}) - ®)

The refinement is guided by the prompt in Table |2} which instructs 7 to revise sub-queries using
retrieved evidence while preserving complementarity and visual grounding. The refined sub-queries
guide the next Tool-Based Evidence Localization round, closing the reflection loop.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

To evaluate RACER for long video frame selection, we conduct experiments on Video-MME (w/o
subtitles) (Fu et al.}[2025), MLVU (Zhou et al.|[2025), and LongVideoBench (Wu et al.,[2024) using
Imms-eval (Zhang et al., [2025a)). Following official evaluation protocols, we report accuracy for
Video-MME and LongVideoBench and M-Avg for MLVU. Four representative Vid-LLMs serve
as answering models: LLaVA-OneVision (Li et al.| [2025a), LLaVA-Video (Zhang et al.l 2024b),
Qwen2.5-VL (Bai et al.l [2025b), and Qwen3-VL (Bai et al.} 2025a), each with a frame budget of
N = 32. RACER uses Qwen2.5-VL-3B for query interpretation and CLIP ViT-L/14 as the retrieval
tool. Candidate frames are sampled at 2 fps for videos shorter than 120 seconds and 1 fps otherwise.
Unless otherwise specified, we use M = 3 sub-queries, a feedback budget of B = 24, two reflection
rounds, wy = 0.6, « = 0.75, and = 2.2. All components remain frozen, with no training required.
Experiments are conducted on 8 x A100-80GB GPUs.

4.2 COMPARISON TO THE STATE-OF-THE-ART

As shown in Table [3] RACER consistently improves long-video understanding across all four an-
swering Vid-LLMs, achieving the best average performance in every setting. RACER yields average
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Table 4: Module ablation of RACER on Video-MME with components added cumulatively. Scores
report accuracy (%) by duration and overall; bold marks column bests. Each component im-
proves performance, with full RACER performing best. Despite weaker direct answering capability,
Qwen2.5-VL-3B improves LLaVA-OV-7B when assigned Query Interpretation.

Video-MME
Answering Vid-LLM  Frame Selection Retrieval Tool  Query Interpretation Model
Short Medium Long Overall

Qwen2.5-VL-3B Uniform Sampling N/A N/A 69.5 57.0 47.1 57.8

Uniform Sampling N/A N/A 70.2 57.1 48.2 58.5
LLaVA-OV-7B + Tool-based Retrieval ~ CLIP ViT-L/14 N/A 71.2 58.7 51.8 60.6

+ Query Interpretation ~ CLIP ViT-L/14 Qwen2.5-VL-3B 72.3 60.1 52.1 61.5

+ Reflection (RACER)  CLIP ViT-L/14 Qwen2.5-VL-3B 72.6 60.6 52.7 61.9

Table 5: Component replacement on Video-
MME with LLaVA-OV-7B. Acc.: accuracy (%);
bold: best per group. RACER performs consis-
tently across retrieval tools and Query Interpreta-

Table 6: Cumulative efficiency ablation on
Video-MME with LLaVA-OV-7B. Acc.: accu-
racy (%); # Frames: mean distinct Vid-LLM in-
put frames; Time: seconds. RACER improves

tion models. accuracy with limited frame analysis.

Retrieval Tool Query Interpretation Model Acc. (%) Frame Selection Acc. (%) #Frames Time (s)
CLIP ViT-L/14 Qwen2.5-VL-3B 61.93 Uniform Sampling 58.5 0.0 1.1
CLIP VIT-L/14 Qwen3-VL-4B 62.04 + Tool-based Retrieval 60.6 0.0 15.1
SigLIP-L/16 Qwen2.5-VL-3B 62.26 + Query Interpretation 61.5 32.0 22.4
EVAOQ02-CLIP-L/14 Qwen2.5-VL-3B 61.81 + Reflection (full RACER) 61.9 62.9 354

gains of 4.3-6.6 over uniform sampling and consistently outperforms prior frame-selection methods
across the three benchmarks. The gains are particularly pronounced on MLVU, which contains the
longest videos of the three benchmarks, up to 120 minutes. RACER improves over uniform sam-
pling by 7.3-11.6 on MLV U. These results support the effectiveness of decomposing frame selection
into query interpretation and evidence localization, with each task assigned to a distinct paradigm.

4.3 ABLATION STUDIES

Module Ablation. To assess each component’s contribution, we conduct cumulative ablations on
Video-MME with LLaVA-OV-7B as the answering model. As shown in Table @] Tool-Based Re-
trieval improves overall accuracy from 58.5 to 60.6. Adding Query Interpretation raises accuracy to
61.5, and Reflection further improves it to 61.9, with the full framework achieving the best perfor-
mance across all three video-duration groups. Notably, despite lower direct answering accuracy than
LLaVA-OV-7B (57.8 vs. 58.5 under uniform sampling), Qwen2.5-VL-3B enhances the stronger
model when assigned query interpretation. These results support decomposing frame selection into
query interpretation and evidence localization, with task assignments aligned with model capabili-
ties, enabling limited-capability components to enhance more capable Vid-LLMs.

Component Ablation. To assess sensitivity to component choices, we replace the retrieval tool or
Query Interpretation model while keeping the remaining framework unchanged. As shown in Ta-
ble[5] replacing CLIP ViT-L/14 with SigLIP-L/16 or EVA02-CLIP-L/14 yields accuracies of 62.26
and 61.81, compared with 61.93 for the default configuration. Replacing Qwen2.5-VL-3B with
Qwen3-VL-4B improves accuracy to 62.04. Comparable performance across configurations sup-
ports the applicability of RACER’s task decomposition to different models for query interpretation
and evidence localization.

Efficiency Ablation. To analyze RACER’s computational overhead, we measure accuracy, infer-
ence time, and the number of distinct frames analyzed by the lightweight Vid-LLM across all rounds
as components are added cumulatively on Video-MME. As shown in Table [6] Tool-Based Retrieval
takes 15.1 seconds without requiring Vid-LLM frame analysis. Query Decomposition processes 32
overview frames, increasing runtime to 22.4 seconds. With Reflection, the total reaches an average
of 62.9 distinct frames and 35.4 seconds. These results quantify the additional runtime of query
interpretation and reflection, while showing that candidate-pool scoring is delegated to CLIP and
Vid-LLM input remains limited to a compact set of distinct frames.
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Why does the speaker mention water pipes?
A. Because water in the water pipes will expand when freezing.

B. Because water pipes will split when it's too cold.

C. Because some water pipes are made of rock.

D. Because lots of them are grey and looks quite similar to each other.

Sub-Queries:

1. What does the presence of water pipes suggest in relation to the video's theme?

2. How do water pipes relate to climate change as highlighted in the video?

3. What is the significance of water pipes in demonstrating the impact of extreme weather events?

Direct CLIP
Retrieval

Query Decomp
+

CLIP Retrieve

(a) Query Interpretation and Tool-Based Evidence Localization.

According to the video, what is the blue item most likely to be? Sub-queries (w/o Reflection) Sub-queries (w/ Reflection)

A. A clipper. 1. What does the person show with their hand? 1. What s the blue object in the person's hand?

& A AN 2. Is there anything beside the dog? 2. Is there anything aside from the dog and the orange tool?
D.Arag. 3. Does the video mention any kind of food? 3. Can you identify the type of food if present?

w/o Reflection
A. A clipper. X

w/ Reflection
C. Adremel. v

(b) Reflection Loop.

Figure 4: Qualitative visualization of RACER. (a) Query interpretation guides tool-based evidence
localization to recover the explanation that water expands upon freezing, missed by direct CLIP
retrieval and VLM judgment. Full RACER retains this evidence with less redundancy. (b) Reflection
refines sub-queries to target the blue object, recovering a previously missed close-up and correcting
the answer from a clipper to a dremel.

4.4  QUALITATIVE RESULTS

Figure [#d illustrates the benefits of decomposing frame selection into query interpretation and evi-
dence localization. Direct CLIP retrieval selects repetitive frames, whereas VLM judgment captures
diverse content relevant to implicit query requirements, such as geological processes. Both, how-
ever, miss the decisive evidence. Query Interpretation enables CLIP to retrieve the explanation that
water expands upon freezing, and full RACER retains this evidence with less redundancy. Beyond
this division of responsibilities, reflection further improves frame selection, as shown in Figure #b]
Broad sub-queries initially miss the decisive close-up, leading to the incorrect answer, a clipper.
Reflection refines the target to the blue object in the person’s hand, distinguishing it from the dog
and orange tool. The updated sub-queries recover a close-up of the tool and its sanding attachment,
supporting the correct answer, a dremel.
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5 CONCLUSION

This paper investigates long-video frame selection from a task-decomposition perspective, identi-
fying the Query Comprehension Gap in similarity-based methods and the Interpretation—Selection
Gap in judgment-based methods. To address these gaps, RACER decomposes frame selection into
query interpretation and evidence localization within a training-free reflective agentic framework. A
lightweight Vid-LLM makes implicit evidence requirements explicit through query decomposition,
while an embedding-based retrieval tool selects relevant frames. Reflection on retrieved evidence
refines the sub-queries, iteratively improving frame selection. Experiments across three benchmarks
and four answering Vid-LLMs demonstrate consistent gains in long-video understanding. These
findings support assigning query interpretation and evidence localization to models with suitable
capabilities, enabling limited-capability components to enhance more capable Vid-LLMs.

Future work will explore open-ended video understanding and more efficient reflection strategies to
reduce computational overhead.
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Table 7: Accuracy (%) across six Video-MME question categories with LLaVA-OV-7B.

Method Perception Recognition Reasoning Information Synopsis OCR Problems Counting Problem
Uniform 68.9 60.8 532 74.3 66.2 36.6
CLIP Retrieve 69.2 59.5 539 66.9 66.2 37.3
VLM Judgment 70.7 62.1 55.8 75.2 66.2 36.2
RACER (ours) 71.9 63.4 57.8 75.8 67.6 41.0

Table 8: Efficiency comparison on Video-MME across video durations. Time is measured in sec-
onds, and #Frames denotes the average number of unique frames analyzed by the VLM.

Method Short (1-3 min) Medium (3-30 min) Long (30-60 min) Overall

Acc. Time (s) #Frames Acc. Time (s) #Frames Acc. Time (s) #Frames Acc. Time (s) #Frames
Uniform 70.2 1.1 0 57.1 1.1 0 48.2 1.1 0 58.5 1.1 0
CLIP Retrieval 68.8 35 0 58.6 7.5 0 458 328 0 577 146 0
VLM judgment 70.7  22.8 1577 58.0 584 5163 51.7 2862 24659 60.1 1224 1046.6
RACER 72.6 224 576  60.6 29.0 64.0 52.7 549 67.1 619 354 62.9

A COMPARISON ACROSS QUESTION TYPES

To assess RACER’s effectiveness across question types, Table[7]compares uniform sampling, direct
CLIP selection, VLM judgment-based selection, and RACER across six Video-MME categories
using LLaVA-OV-7B as the answering model. Category-level accuracy is reported over all 2700
questions. RACER achieves the highest accuracy across all six categories, demonstrating consistent
benefits across diverse query requirements.

B EFFICIENCY ACROSS VIDEO DURATIONS

Table (8] compares frame-selection methods on Video-MME across three video-duration groups.
RACER achieves the highest accuracy in every group while scaling more efficiently than VLM
judgment-based selection. As videos increase from short to long, VLM judgment-based selection
analyzes 157.7 to 2465.9 distinct frames, with inference time rising from 22.8 to 286.2 seconds.
RACER analyzes only 57.6-67.1 distinct frames, with runtime increasing from 22.4 to 54.9 sec-
onds. On long videos, RACER achieves a 5.2x speedup while improving accuracy from 51.7 to
52.7. Overall, RACER improves accuracy from 60.1 to 61.9 with a 3.5x speedup. These results
demonstrate the scalability benefits of delegating candidate-pool scoring to a retrieval tool while
limiting Vid-LLM analysis to a compact set of frames.

C ADDITIONAL HYPERPARAMETER ABLATION

Table 0] examines the DPP relevance parameter «, entropy sensitivity /3, original-query weight wy,
and lightweight Vid-LLM generation temperature 7 on Video-MME with LLaVA-OV-7B. Each
sweep varies one parameter, with default settings marked by t and the best observed result in bold.

C.1 EFFECT OF a IN DPP SAMPLING
The parameter « balances relevance and visual diversity in DPP sampling. Accuracy increases
from 60.41% at « = 0.55 to a peak of 61.93% at o = 0.75, while larger values yield no further

improvement. The results favor balancing relevance and diversity over placing excessive emphasis
on relevance.

C.2 EFFECT OF 3 IN ENTROPY-BASED FUSION

The parameter 3 controls the influence of entropy on sub-query weights, with larger values favoring
lower-entropy retrieval signals. Accuracy varies only from 61.89% to 62.11% over 8 € [2.0,2.4].
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Table 9: Hyperparameter ablation on Video-MME with LLaVA-OV-7B. Each column pair reports a
separate parameter sweep. Acc. denotes accuracy (%); 1 marks the default setting; bold indicates
the best observed result.

DPP Relevance Entropy Sensitivity Original-Query Weight Generation Temperature

« Acc. 153 Acc. wo Acc. T Acc.
0.55 60.41 2.0 62.11 0.4 61.37 0.6 60.30
0.65 60.63 2.1 61.96 0.5 61.22 0.7 61.00
0.75 6193  2.2f 61.93 0.6 61.93 0.8 61.93
0.85 60.89 23 61.89 0.7 61.22 0.9 60.59
0.95 61.52 2.4 61.93 0.8 60.48 1.0 60.89

Table 10: Ablations of sub-query aggregation, reflection depth, and reflection input on Video-MME
with LLaVA-OV-7B. Acc. denotes accuracy (%). T marks the default setting, and bold indicates the
best result within each group. Each reflection step refines the sub-queries after retrieval; the default
two steps yield three retrieval rounds, including the initial round.

Design Configuration Acc. (%)
Sub-query aggregation  Uniform weighting 61.67
Entropy-based weighting’ 61.93
Reflection steps 0 61.52
1 61.89
2f 61.93
3 61.96
4 61.96
Reflection input Without reflection 61.52
Uniform overview 61.56
Hybrid overview (temporal-distance pruning) 61.70
Hybrid overview (visual-similarity pruning)* 61.93

Although 8 = 2.0 yields the highest accuracy, the default § = 2.2 achieves a comparable 61.93%,
indicating limited sensitivity within the tested range.

C.3 EFFECT OF THE ORIGINAL-QUERY WEIGHT wy

The weight wq balances the original-query score against the combined sub-query scores. The default
wo = 0.6 achieves the highest accuracy of 61.93%, while both lower and higher weights reduce
performance. In particular, accuracy drops to 60.48% at wy = 0.8, supporting the use of sub-queries
alongside the original query.

C.4 EFFECT OF THE VID-LLM GENERATION TEMPERATURE

The temperature 7 controls sampling during sub-query generation and refinement. The default 7 =
0.8 achieves the highest accuracy of 61.93%, compared with 60.30% at 7 = 0.6 and 60.89% at
7 = 1.0. The non-monotonic trend indicates that neither lower nor higher generation temperature
consistently improves frame selection.

D ADDITIONAL FRAMEWORK DESIGN ABLATIONS

Table[I0]evaluates RACER’s design choices for sub-query aggregation, reflection depth, and reflec-
tion input construction on Video-MME with LLaVA-OV-7B.
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D.1 EFFECT OF SUB-QUERY AGGREGATION

Entropy-based weighting improves accuracy from 61.67% to 61.93% over uniform weighting, sup-
porting adaptive sub-query weighting based on retrieval-score distributions.

D.2 EFFECT OF THE NUMBER OF REFLECTION STEPS

Accuracy improves from 61.52% without reflection to 61.89% after one step and 61.93% after two,
reaching 61.96% with three or four steps. These diminishing returns support the default two-step
configuration, which captures most of the gain and requires three retrieval rounds, including the
initial round.

D.3 EFFECT OF THE REFLECTION INPUT

Reflection with the uniform overview achieves 61.56% accuracy, compared with 61.52% without
reflection. Hybrid overviews incorporating retrieved feedback improve accuracy to 61.70% with
temporal-distance pruning and 61.93% with visual-similarity pruning. The default strategy retains
all feedback frames and removes the least visually similar overview frames, supporting the use of
retrieved evidence and visually aligned context for refinement.

E ADDITIONAL DISCUSSION OF RELATED WORK

We further distinguish RACER from existing frame-selection methods through task decomposition.
Similarity-based methods refine sampling, temporal coverage, and diversity using query—frame sim-
ilarity (Liu et al., [2025} |[Zhang et al., 2025c} [Tang et al., 2025} Sun et al., [2025)), whereas judgment-
based methods rely on VLM/LLM decisions to assess relevance or select frames and temporal re-
gions (Wang et al.|[2025b} Zhang et al.,|2024aj; Wang et al.l|2024a; |Zou et al.||2026). Some methods
combine these paradigms but retain VLM/LLM control over frame selection. VideoAgent (Wang
et al., [2024a) combines query analysis with CLIP retrieval, with the LLM determining search re-
gions, stopping retrieval, and adding or removing frames based on its judgments. A.LLR. (Zou et al.,
2026) applies VLM relevance judgments to candidates prefiltered by CLIP. RACER instead assigns
query interpretation and refinement exclusively to a lightweight Vid-LLM and delegates evidence
localization entirely to an embedding-based retrieval tool. The Vid-LLM generates sub-queries
without scoring frames, selecting indices, or specifying temporal regions, while the tool scores
candidates and selects frames under preset budgets and reflection depth. This separation persists
throughout reflection, with retrieved frames informing only sub-query refinement. RACER thus ad-
dresses the Query Comprehension Gap by making implicit evidence requirements explicit and the
Interpretation—Selection Gap by delegating frame selection to the retrieval tool.
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