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Abstract

Vision-language models (VLMs) can ingest
only a limited number of video frames, making
frame selection a practical necessity. But do
current Video QA benchmarks genuinely re-
quire temporal frame selection, or can most
questions be answered regardless of which
frames are shown? We introduce Frame Se-
lection Sensitivity (FSS), a per-sample diag-
nostic that measures how much VLM accuracy
changes when the most relevant frames are re-
placed with the least relevant ones. Across six
benchmarks and eight VLMs, we find that a
large majority of samples are frame-agnostic:
only a minority are genuinely sensitive to frame
choice. Combining FSS with a Language Inde-
pendence Score (LIS) reveals that merely 5.5–
31% of samples are Temporally Sensitive. We
construct TEMPCORE, compact evaluation sub-
sets that isolate these temporal samples from
existing benchmarks, and will release code and
per-sample annotations upon publication.

1 Introduction

Large language models (LLMs) have transformed
natural language processing, and their extension
to vision-language models (VLMs) has brought
comparable advances to image understanding (Li
et al., 2025; Zhu et al., 2025; Bai et al., 2025b).
These developments have spurred growing interest
in applying VLMs to video understanding, where
temporal dynamics—event ordering, causal transi-
tions, and changes over time—are fundamental.

Extending VLMs to video processing, how-
ever, is fundamentally constrained by input capac-
ity: videos may contain thousands of frames, but
current models can process only around 32 at a
time (Lin et al., 2024; Tang et al., 2025). The
standard approach is to rank frames by relevance
using encoders such as SigLIP (Zhai et al., 2023;
Tschannen et al., 2025) or CLIP (Radford et al.,
2021), and retain the top-K frames (Tang et al.,

2025; Himakunthala et al., 2023; Shen et al., 2025).
Accordingly, a growing line of work explores more
sophisticated selection strategies—including com-
binatorial ranking, spatiotemporal saliency, hierar-
chical clustering, and generative index prediction
(Yu et al., 2025; Hu et al., 2025; Wang et al., 2025;
Yao et al., 2025)—all based on the premise that
selecting the right frames is critical.

While these methods report gains on standard
benchmarks, a closer look complicates the picture.
On some benchmarks, simple uniform sampling
performs comparably to learned selection (Brkic
et al., 2025), and a growing literature suggests
that VLMs are largely “temporally blind,” exhibit-
ing limited sensitivity to event ordering and du-
ration (Upadhyay et al., 2026; Jung et al., 2025;
Cai et al., 2024). If temporally insensitive mod-
els can still achieve high scores, the benchmarks
themselves may not genuinely require temporal
reasoning—and if most questions can be answered
from a single frame or from text alone, then frame
selection is irrelevant regardless of the method.
This tension raises two intertwined questions:

1. Does key-frame selection actually improve
Video QA performance?

2. Do current benchmarks genuinely require tem-
poral reasoning?

To address these questions, we examine whether
encoder-based frame relevance translates into
meaningful differences in downstream VLM accu-
racy. Concretely, we score every video frame with a
SigLIP encoder and compare VLM accuracy when
the model receives the most relevant (MAXPROB)
versus least relevant (MINPROB) frames. This
yields Frame Selection Sensitivity (FSS), a per-
sample diagnostic that partitions each benchmark
sample into Key (temporally sensitive), Non-key
(frame-agnostic), or Anti-key (hurt by “relevant”
frames). Applying FSS to six benchmarks with
8 VLMs ranging from 256M to 8B parameters—
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the largest systematic study of frame selection to
date—we answer:

Answer to Q1: Frame selection works, but
only on long videos. On long-video benchmarks,
MAXPROB consistently outperforms MINPROB,
while on short-video benchmarks, the effect is
near zero. Our approach uses a general-purpose
image-text encoder (SigLIP) in question-answer
(QA-mode) scoring, which leverages full question-
answer context for more accurate temporal classifi-
cation; encoder improvements—such as question-
aware models—could narrow this gap further. The
large oracle headroom confirms that substantial
temporal signal exists in the video but remains un-
exploited by current selection methods.

Answer to Q2: Most existing benchmarks are
not temporally grounded. Only 6–36% of sam-
ples are Key; the vast majority are Non-key or
Anti-key. A complementary Language Indepen-
dence Score (LIS) reveals that only 5.5–31.0%
of samples are Temporally Sensitive—both vision-
dependent and frame-sensitive (§7.1). No-frame
baselines reach up to 50% accuracy on language
priors alone, and aggregate scores are dominated
by Non-key samples, allowing models with strong
language priors to appear competitive even when
they fail on frame-sensitive temporal questions.

Based on this analysis, we construct TEMP-
CORE, temporally grounded evaluation subsets that
retain only these samples (§7), providing a focused
measure of frame-selection sensitivity.

Contributions.
1. We propose FSS, a per-sample diagnostic that

quantifies temporal sensitivity, and conduct a
systematic frame selection study (§3, §5).

2. We introduce a two-dimensional FSS×LIS
taxonomy that reveals only 5.5–31.0% of sam-
ples are Temporally Sensitive (§6, §7).

3. We construct TEMPCORE, temporally
grounded evaluation subsets extracted
from existing benchmarks without manual
re-annotation (§7).

2 Related Work

Large language models and multimodal LLMs.
The expansion of large language models (LLMs)
has enabled strong performance across various
general-purpose language tasks (Achiam et al.,
2023; Grattafiori et al., 2024; Yang et al., 2024;

Gemma Team et al., 2024). Building upon this
foundation, research has extended such capabilities
to other modalities by leveraging the knowledge of
LLMs (Alayrac et al., 2022; Liu et al., 2023; Chu
et al., 2024; Wang et al., 2024; Zhu et al., 2025).
Video MLLMs, in particular, have achieved strong
performance in video question answering, caption-
ing, and summarization (Zhang et al., 2023; Lin
et al., 2024; Zhu et al., 2024; Maaz et al., 2024;
Shen et al., 2025; Zhang et al., 2025a).

Key frame selection. Key frame selection re-
duces the computational cost of long-video under-
standing by identifying the most relevant frames
for a given query. Encoder-based methods score
individual frames via vision-language similarity:
Tang et al. (2025) select frames that are both query-
relevant and visually diverse to avoid redundancy,
Yu et al. (2025) rank frame subsets by how well
they complement each other rather than scoring
frames independently, and Hu et al. (2025) leverage
multimodal LLM prompting to derive spatial im-
portance and temporal selection signals for frame
ranking. A second line of work explores struc-
tured selection strategies: Wang et al. (2025) build
a hierarchical tree of visual segments that enables
query-adaptive retrieval from long videos, Buch
et al. (2025) learn to dynamically adjust how many
frames to select per query instead of using a fixed
budget, and Sun et al. (2025) optimize frame order-
ings using a list-wise ranking objective that con-
siders the full sequence jointly. These methods im-
prove selection; we diagnose when selection mat-
ters and construct evaluation subsets that isolate
temporal ability.

Temporal diagnostics & benchmarks. Several
studies document that VLMs struggle with tem-
poral reasoning: near-zero accuracy on ordering
tasks (Upadhyay et al., 2026), inconsistency across
equivalent temporal queries (Jung et al., 2025),
and failures in fine-grained temporal understand-
ing (Cai et al., 2024). Complementary work shows
that many Video QA questions can be solved from a
single frame or without temporal reasoning: Cores
et al. (2025) show that most MVBench tasks can
be solved without temporal reasoning, with single-
frame and text-only baselines remaining competi-
tive; Lei et al. (2023) demonstrate similar single-
frame biases across multiple video-language bench-
marks. On the diagnostic side, counterfactual
interventions (Niu et al., 2021), text-bias reduc-
tion (Kulgod et al., 2026), confidence intervals (Du,
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2026), and sampling strategy comparisons (Brkic
et al., 2025) have been proposed to isolate spe-
cific biases. Dedicated temporal benchmarks take
complementary approaches. TempCompass (Liu
et al., 2024) constructs synthetic test cases by ap-
plying video-level manipulations—reversal, spa-
tial concatenation, and temporal concatenation—to
probe whether models truly perceive temporal or-
der rather than relying on static appearance. Tem-
poralBench (Cai et al., 2024) instead enlists expert
annotators to label fine-grained temporal events
within each clip, producing densely annotated sam-
ples that test ordering, duration, and causal se-
quencing. TEMPCORE differs on two fronts: (i) it
provides a fully automated, model-based diagnostic
pipeline that requires no manual annotation or syn-
thetic video generation, and (ii) it draws from six
widely adopted benchmarks covering egocentric,
perceptual, and causal-reasoning domains, yielding
a compact yet diverse evaluation set.

To our knowledge, FSS–LIS is the first model-
side diagnostic that assigns per-sample temporal-
sensitivity labels to existing Video QA benchmarks
without additional annotation. Rather than ask-
ing how to select frames more effectively, as prior
frame-selection methods do, we use the MAX-
PROB/MINPROB contrast together with a no-frame
language-prior axis to audit whether benchmark
samples actually depend on temporal visual evi-
dence. Dedicated temporal benchmarks instead
construct new test cases or annotations; our ap-
proach identifies temporally grounded samples di-
rectly within benchmarks already in widespread
use.

3 Diagnostic Framework

3.1 Frame Scoring

Given a video V = (f1, f2, . . . , fL) of L frames
uniformly extracted at 10 FPS, and a text query t
(question, or concatenation with answer), we com-
pute a per-frame relevance score using a pretrained
SigLIP vision-language encoder (Zhai et al., 2023;
Tschannen et al., 2025):

s(fi, t) = σ
(
cos

(
EV (fi), ET (t)

))
, (1)

where EV and ET are the vision and text encoders,
cos(·, ·) denotes cosine similarity, and σ is the sig-
moid function.

Text modes. We employ two modes for t: in Q-
mode t is the question text, and in QA-mode t is

the concatenation of the question and the correct
answer. QA-mode requires oracle answer labels
and serves as an upper bound on encoder-based
selection.

3.2 Frame Selection Strategies
Using the frame scores {s(fi, t)}Li=1, we define
five different strategies:

MAXPROB. Select the top-K scoring frames:

F+ = top-K
(
f1, . . . , fL; s(·, t)

)
. (2)

MINPROB. Select the bottom-K scoring frames:

F− = bot-K
(
f1, . . . , fL; s(·, t)

)
. (3)

This adversarial baseline serves as the diagnostic
counterpart to MAXPROB.

Temporal diversity constraint. Adjacent frames
within the same shot often receive nearly identical
scores, causing unconstrained top-K selection to
concentrate on only a few temporal regions. This
effect is especially severe for MINPROB, and can
therefore be mistaken for genuine frame sensitiv-
ity. To ensure comparable temporal coverage, we
group frames by integer second and select them in
rounds. In each round, we take the next highest-
scoring frame from every second, so that the first
min(K, ⌈L/fps⌉) selected frames come from dis-
tinct seconds. MINPROB uses the same procedure
with the ranking reversed.

Uniform. Select K frames uniformly distributed
over the video timeline. This is the standard base-
line in most deployed systems.

Window oracle. Slide a window of K frames
with stride S across the video, run the VLM on each
window, and report the best accuracy. When the
total number of windows exceeds a budget Wmax

(default 50), we uniformly subsample Wmax win-
dows to bound computation. This measures the
theoretical upper bound achievable by any tempo-
ral selection strategy given window size K.

No-frame. Replace all input frames with a uni-
form gray dummy image. The VLM processes the
question but receives no visual content.

3.3 Frame Selection Sensitivity (FSS)
To measure how much each sample depends on re-
ceiving the right frames, we define Frame Selection
Sensitivity (FSS). Let M denote the set of models,
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and let acc+m,i and acc−m,i be the binary correctness
(1 or 0) of model m on sample i when given MAX-
PROB and MINPROB frames, respectively.

FSSi =
1

|M|
∑

m∈M

(
acc+m,i − acc−m,i

)
. (4)

FSSi > 0 indicates that the sample benefits from
relevant frames; FSSi < 0 indicates that relevant
frames hurt—a visual appearance bias.

Sample categories. Given a threshold τ (default
τ = 0.15), we classify each sample as:

• Key (FSSi > τ ): temporally sensitive; bene-
fits from correct frame selection.

• Non-key (|FSSi| ≤ τ ): frame-agnostic; an-
swered regardless of frame choice.

• Anti-key (FSSi < −τ ): appearance-biased;
“relevant” frames are detrimental.

This classification is an operational definition
of temporal sensitivity: it captures whether
frame selection affects model behavior, which
is a necessary—but not necessarily sufficient—
condition for a question to require temporal rea-
soning. FSS-based pruning retains samples with
|FSS| > τ , yielding an evaluation subset in which
frame selection is consequential.

Choice of τ . We set τ = 0.15, so that a Key or
Anti-key label requires more than one model’s net
flip. Agreement with human temporal judgments
and ablations over τ are in Section B.2.

Default configuration. We adopt QA-mode as
the primary FSS scoring mode, as it more accu-
rately identifies temporally sensitive questions by
leveraging full question-answer context. Since FSS
is an analytical diagnostic, maximizing accuracy
takes priority over label-free operation.

3.4 Language Independence Score (LIS)

Let correctnf
m,i be the binary correctness of model

m on sample i under the no-frame strategy.

LISi = 1− 1

|M|
∑

m∈M
correctnf

m,i. (5)

LISi = 1 when no model answers correctly with-
out meaningful visual input, indicating maximal
vision dependence; LISi = 0 when all models an-
swer correctly, indicating that the item is solvable
from language priors alone.

4 Experimental Setup

4.1 Models
We evaluate eight VLMs from five families:
LLaVA-OneVision (Li et al., 2025), VideoL-
LaMA3 (Zhang et al., 2025a), SmolVLM2 (Marafi-
oti et al., 2025), Qwen3-VL (Bai et al., 2025a),
and InternVL3 (Zhu et al., 2025), spanning 256M
to 8B parameters. All models receive K = 32
frames in a zero-shot multiple-choice setting; abla-
tions over K ∈ {16, 32, 48} appear in Section C.1.
We compute frame relevance scores (Equation (1))
with SigLIP2-400M (Tschannen et al., 2025) as
the default; ablations with SigLIP-400M and CLIP
ViT-L/14 appear in Section C.6. See Table 5 for
full details.

4.2 Benchmarks
We use six Video QA benchmarks grouped by
video length. Short (≤3 min): MVBench (Li
et al., 2024), NExTQA (Xiao et al., 2021),
and EgoSchema (Mangalam et al., 2023).
Long (>5 min): MLVU (Zhou et al., 2025),
LongVideoBench (Wu et al., 2024), and Video-
MME (Fu et al., 2025). Detailed information and
full statistics appear in Table 6. Design intent and
multi-axis linguistic profiles of the six benchmarks
appear in Section A.2.

Roadmap. We first examine whether frame selec-
tion affects VLM accuracy (§5), then characterize
how temporally grounded current benchmarks are
(§6), and finally construct TEMPCORE, temporally
grounded evaluation subsets (§7).

5 Does Frame Selection Work?

5.1 RQ1: Are Vision Encoders Robust to
Interrogative Cues?

Vision-language similarity is an intuitive basis for
frame scoring, yet VQA queries are inherently in-
terrogative: they contain words like “who,” “what,”
and “how many” that carry little visual grounding.
Since encoders such as SigLIP are trained on declar-
ative image–caption pairs, their similarity estimates
may be poorly calibrated for question-form inputs.
We test this by comparing Q-mode (question only)
with QA-mode (question + ground-truth answer),
where the latter supplies a declarative phrase that
better matches the encoder’s training distribution.
Table 1 summarizes benchmark-averaged accuracy.

QA-mode outperforms Q-mode on all six bench-
marks, with an average gain of +2.3% (Table 1),
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Table 1: QA-mode scoring beats Q-mode on all six
benchmarks. MAXPROB accuracy (%) averaged across
the eight VLMs, with ∆ = QA-mode − Q-mode. Sup-
plying the answer phrase gives the encoder a declarative
target closer to its training distribution.

Benchmark Q-mode QA-mode ∆

Short-video
MVBench 48.4 49.0 +0.6
NExTQA 58.5 59.2 +0.7
EgoSchema 34.2 39.2 +5.0

Long-video
MLVU 54.9 57.3 +2.4
LongVideoBench 46.7 47.8 +1.1
Video-MME 46.0 49.7 +3.7

Average 48.1 50.4 +2.3

What are two people doing? Wrestle

Question Answer

There are two people wrestling

Q+A to declarative

What is on the ground? Cat The cat is on the ground

Question Answer Q+A to declarative

Figure 1: Grad-CAM attention maps for question-
text vs. answer-text scoring. Question-text attention
is diffuse, while answer-text attention concentrates on
the relevant region, illustrating the noise introduced by
interrogative cues.

indicating that encoders are weakened by interroga-
tive cues. The smallest gain among the long-video
benchmarks falls to LongVideoBench, whose ques-
tions are up to nearly four times longer in word
count than those of other benchmarks and already
contain rich visual descriptions, making Q-mode
nearly sufficient on its own (see Section C.7 for
statistics and examples).

Figure 1 further illustrates this vulnerability via
Grad-CAM (Selvaraju et al., 2017) attention maps:
when scoring with question text, attention is diffuse
across the frame, whereas answer text concentrates
attention on the task-relevant region. This suggests
that ambiguous, interrogative queries yield noisier
similarity estimates.

Takeaway. These results suggest that text-based
frame selection methods must be robust to inter-
rogative and ambiguous input cues. Developing
encoders that handle question-form queries as ef-
fectively as declarative captions remains an impor-
tant direction for future work.

5.2 RQ2: MaxProb vs. MinProb
Despite the interrogative-cue limitation identified
above, does vision-language similarity still pro-
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Figure 2: Frame selection helps on every benchmark,
but three times more on long videos. MAXPROB vs.
MINPROB accuracy (8-model average). The mean gap
is +3.5 pp on short-video benchmarks against +10.2 pp
on long-video ones. LVB denotes LongVideoBench.

vide an effective frame selection signal? Figure 2
compares MAXPROB and MINPROB accuracy (8-
model average) across six benchmarks (full per-
model results in Table 21).

On long-video benchmarks, MAXPROB consis-
tently outperforms MINPROB, with an average gain
of +10.2% across models. On short-video bench-
marks (MVBench, NExTQA), the gain is markedly
smaller: in short clips, most K =32 windows al-
ready contain the relevant content, so the scorer’s
ranking provides little additional benefit.

Takeaway. Vision-language similarity is an ef-
fective frame selection signal for long videos,
where relevant content is temporally sparse. On
short videos, the benefit shrinks to a few points—
temporal information demand is inherently low,
and any K=32 window already covers most of the
relevant content.

5.3 RQ3: Oracle Gap
How much room remains for better frame selec-
tion? Figure 3 compares window-oracle accuracy—
the best accuracy achievable across all K-frame
sliding windows—against a uniform-sampling
baseline (full per-model results in Table 22).

The gaps are substantial: long-video benchmarks
average +25.2% while short-video benchmarks av-
erage +9.9%. However, the oracle selects the sin-
gle best window per sample, and different windows
may elicit correct answers through distinct reason-
ing paths, potentially inflating the gap beyond pure
temporal content.

To control for this concern, Table 2 decomposes
oracle gaps by FSS category. Key samples exhibit
consistently larger gaps than Non-key samples on
all six benchmarks, confirming that the more tem-
poral a sample is, the more headroom remains for
improved frame selection.
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Figure 3: Oracle gaps reveal large untapped head-
room for frame selection. Uniform-sampling vs.
window-oracle accuracy (model average). Long-video
gaps far exceed short-video gaps, confirming that tem-
poral frame selection is most consequential for extended
videos. LVB denotes LongVideoBench.
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Figure 4: FSS scores concentrate near zero, con-
firming non-temporal dominance. Aggregated FSS
distributions for short-video and long-video bench-
marks. Dashed lines mark classification thresholds
(τ = ±0.15). The heavy mass near zero shows that
frame selection has negligible effect on the majority of
samples. Per-benchmark breakdowns are in Section D.1.

Takeaway. Large oracle gaps indicate substantial
room for better frame selection, and this gap is con-
centrated in temporally sensitive samples. Longer
benchmarks with higher temporal purity stand to
benefit the most from advances in frame retrieval.

6 How Temporal Are Video QA
Benchmarks?

6.1 FSS Distributions
FSS is computed from MAXPROB and MINPROB

accuracy (defined in §3). Figure 4 shows the dis-
tribution of FSS scores across samples in each
benchmark. The overwhelming majority of sam-
ples cluster near zero, indicating that most Video
QA items are insensitive to frame selection.

Quantitative summary. Table 3 reports Key and
Anti-key fractions for each benchmark. Key frac-
tions order by video length: MVBench is low-
est at 5.6% and MLVU highest at 36.0%, with
EgoSchema between the two groups at its inter-
mediate clip length. Anti-key fractions stay small

Benchmark Split N Uniform Oracle Gap

Short-video
MVBench All 3786 48.7 54.5 +5.8

Key 212 52.2 65.4 +13.2
Non-key 3502 48.4 53.7 +5.3
Anti-key 72 50.9 61.3 +10.4

NExTQA All 8438 58.9 68.0 +9.1
Key 656 51.6 69.2 +17.5
Non-key 7588 59.7 67.9 +8.2
Anti-key 194 51.7 68.4 +16.7

EgoSchema All 500 38.1 52.8 +14.7
Key 94 41.4 61.7 +20.3
Non-key 390 37.1 50.2 +13.1
Anti-key 16 43.0 64.1 +21.1

Long-video
MLVU All 2173 51.5 77.3 +25.8

Key 782 50.6 81.1 +30.4
Non-key 1212 52.3 74.5 +22.2
Anti-key 179 50.1 79.8 +29.7

LongVideoBench All 1122 46.9 67.5 +20.5
Key 229 46.7 76.1 +29.3
Non-key 823 47.2 64.9 +17.7
Anti-key 69 44.9 71.3 +26.4

Video-MME All 2625 46.4 73.9 +27.6
Key 783 50.9 82.6 +31.6
Non-key 1673 44.2 69.3 +25.1
Anti-key 168 46.4 79.6 +33.2

Table 2: Key and Anti-key samples exhibit larger
oracle gaps than Non-key samples on all six bench-
marks. Oracle gap (%) decomposed by FSS category,
on the samples with both window-oracle and uniform-
strategy results. Largest per-benchmark gap in bold,
demonstrating that FSS-classified samples are precisely
those where temporal frame selection is consequential.

throughout, so relevant frames help far more often
than they hurt.

6.2 Implications for Benchmark Design

Our analysis calls for a reinterpretation of cur-
rent Video QA benchmarks. Only a small frac-
tion of samples in any benchmark are temporally
sensitive to frame selection; the remainder are re-
solved by language priors, visual appearance, or
other non-temporal cues. This does not invalidate
existing benchmarks—appearance and semantic
comprehension are important capabilities—but it
underscores that temporal performance should be
reported separately. FSS-based pruning (retain-
ing |FSS| > τ ) provides a lightweight, model-
agnostic mechanism to do so. We address this by
combining FSS with the Language Independence
Score (LIS) to construct TEMPCORE, temporally
grounded evaluation subsets.
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Input Dataset

Set of evaluation samples

Stage 1: Language Independence Filter

Stage 2: Two-dimensional Classification

Binary correctness of models under no-frame strategy 
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Input Dataset
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Figure 5: Overview of the TEMPCORE construction pipeline. Stage 1 filters out Trivial samples (solvable from
language priors, LIS ≤ λ). Stage 2 classifies the remaining vision-dependent samples along the FSS axis into three
categories: Temporally Grounded (FSS > τ ), Frame-Agnostic (|FSS| ≤ τ ), and Visual Bias (FSS < −τ ). The
Temporal Purity Index (TPI) summarizes the fraction of vision-dependent samples that are temporally sensitive.

Benchmark Key (%) Anti-key (%) Key/AK

Short-video
MVBench 5.6 1.9 2.94
NExTQA 7.7 2.3 3.35
EgoSchema 18.8 3.2 5.88

Long-video
MLVU 36.0 8.2 4.37
LongVideoBench 21.3 6.4 3.31
Video-MME 29.7 6.4 4.63

Table 3: Key fractions order by video length (τ =
0.15). “Key/AK” is the ratio of Key to Anti-key samples,
above 2.9 on every benchmark: relevant frames help far
more often than they hurt.

7 TEMPCORE

FSS captures sensitivity to frame selection but can-
not distinguish genuinely temporal samples from
those solvable by language priors alone—a high-
FSS question may simply contain answer-leaking
text cues. To filter out such cases, we combine
FSS with the Language Independence Score (LIS,
introduced in §3.4) and construct TEMPCORE, tem-
porally grounded evaluation subsets extracted from
existing benchmarks without manual re-annotation
(Figure 5).

7.1 Two-Dimensional Taxonomy

Combining LIS and FSS yields a three-tier tax-
onomy, with Temporally Sensitive samples further
divided into two subcategories. Given thresholds τ
(FSS, default 0.15) and λ (LIS, default 0.50): Triv-
ial samples (LIS ≤ λ) are solvable from text alone
and are removed first. Among the remaining vision-

dependent samples (LIS > λ), Frame-Agnostic
samples (|FSS| ≤ τ ) require visual input but are
insensitive to which frames are shown, whereas
Temporally Sensitive samples (|FSS| > τ ) are
both vision-dependent and frame-sensitive. We
further distinguish the latter by the sign of FSS:
Temporally Grounded samples (FSS > τ ) benefit
from relevant frames, while Visual Bias samples
(FSS < −τ ) are harmed by them, indicating that
visually matching frames can nevertheless be tem-
porally misleading.

LIS–FSS orthogonality. A key design require-
ment is that LIS and FSS capture distinct prop-
erties. Spearman rank correlations between the
two scores are near zero across all six benchmarks
(|ρ| < 0.10), establishing that language indepen-
dence and frame sensitivity are empirically orthog-
onal dimensions (see Figure 13).

7.2 Benchmark Quality Profiles
We summarize each benchmark with the Temporal
Purity Index (TPI):

TPI =
|Temporally Sensitive|

N − |Trivial| , (6)

where Temporally Sensitive = Key ∪ Anti-key
(i.e., |FSS| > τ and LIS > λ), and Trivial = {i :
LISi ≤ λ} encompasses all samples solvable from
language priors. TPI thus measures the fraction
of vision-dependent samples for which temporal
frame selection is consequential.

Table 4 reports the category breakdown. Sev-
eral patterns emerge: (i) Temporally Sensitive
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Table 4: At most a third of any benchmark is both
vision-dependent and frame-sensitive. Benchmark
quality profiles under two-stage (LIS, FSS) classifi-
cation. LIS is computed from no-frame (dummy vi-
sual input) predictions. Trivial: solvable from text
alone (LIS ≤ λ). Fr.Agn: vision-dependent but frame-
insensitive. Vis.Bias: harmed by encoder-selected
frames (FSS < −τ ). Temp.Grnd: benefits from rel-
evant frames (FSS > τ ). TempSens = Vis.Bias +
Temp.Grnd. TPI = TempSens / (N − Trivial).

Benchmark N Trivial (%) Fr.Agn (%) Vis.Bias (%) Temp.Grnd (%) TempSens (%) TPI

Short-video
MVBench 3786 33.4 61.0 1.2 4.3 5.5 0.083
NExTQA 8564 37.0 55.7 1.5 5.8 7.3 0.117
EgoSchema 500 20.2 60.6 2.6 16.6 19.2 0.241

Long-video
MLVU 2173 35.6 33.4 5.8 25.2 31.0 0.481
LongVideoBench 1337 36.6 43.9 4.2 15.3 19.5 0.308
Video-MME 2700 31.3 43.0 3.9 21.8 25.6 0.373

fractions range from 5.5% (MVBench) to 31.0%
(MLVU), indicating that even long-video bench-
marks contain <32% temporally sensitive, vision-
dependent samples. (ii) Frame-Agnostic sam-
ples dominate MVBench (61.0%) and EgoSchema
(60.6%), suggesting these benchmarks heavily test
semantic scene understanding rather than tempo-
ral reasoning. (iii) Trivial fractions (20–37%) are
substantial. (iv) The Temporal Purity Index ranges
from 0.083 to 0.481, providing a single-number
summary of each benchmark’s temporal grounding
quality.

7.3 Validation
Fully validating temporal necessity is inherently
difficult, as it is a latent property that cannot be ob-
served directly from annotations alone. We there-
fore treat validation as converging evidence across
complementary signals: human judgments, oracle-
gap patterns, and internal and external correlations.

Anti-key temporal dependence. A crucial de-
sign choice in TEMPCORE is including Anti-key
samples (FSS < −τ ) alongside Key samples as
temporally sensitive. Figure 6 aggregates oracle
gap across all six benchmarks by FSS bin, reveal-
ing a clear U-shape: both positive (Key) and neg-
ative (Anti-key) tails exhibit elevated oracle gaps
compared to the near-zero center, confirming that
Anti-key samples—like Key samples—benefit sub-
stantially from oracle frame selection.

Human evaluation corroborates this finding. Fig-
ure 7 shows that |FSS| achieves a stronger cor-
relation with human temporal scores than FSS
(ρ = +0.391 vs. +0.376), and Anti-key samples
receive higher temporal ratings than Non-key sam-
ples (3.55 vs. 2.98). Anti-key samples are visually
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Figure 6: Oracle gap exhibits a U-shape across FSS
bins (cross-benchmark average). Both Key and Anti-
key tails show higher oracle gaps than the Non-key
center, confirming that Anti-key samples are temporally
sensitive. Shaded region: ±1 std across benchmarks.
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Figure 7: FSS vs. human score. (a) FSS shows positive
correlation. (b) |FSS| yields stronger correlation, cap-
turing temporal dependence at both extremes.

misled but temporally dependent: SigLIP’s highest-
confidence frames capture appearance rather than
temporal content, and removing them paradoxically
helps because the model falls back on more tempo-
rally informative frames. See additional analysis
and details in Section B.

Internal consistency. Oracle gaps on Key sam-
ples exceed those on Non-key samples on all six
benchmarks (mean +23.7 vs. +15.3; Table 2), and
human annotators rate Key samples highest, fol-
lowed by Anti-key and Non-key (see Figure 8),
confirming that TEMPCORE retains those samples
where temporal frame selection is consequential.

External correlation. Non-key model rankings
correlate more strongly with six image VLM bench-
marks than Key rankings (mean ρ = 0.79 vs. 0.59
across benchmarks; Section B.3), confirming that
Key performance captures a distinct temporal skill
rather than general VLM capability.

Practical usage. TEMPCORE subsets contain
samples with |FSS| > τ and LIS > λ, compris-
ing 5.5–31.0% of the original evaluation set. They
can be used as a complementary metric: report-
ing TEMPCORE-subset accuracy alongside overall
benchmark scores separates frame-sensitive from
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Figure 8: Human temporal scores by FSS category
(τ = 0.15). Key samples receive the highest ratings;
Anti-key exceeds Non-key, supporting their inclusion in
Temporally Sensitive. Boxes: mean ± 1 SE; whiskers:
± 1 SD; centre line marks the mean.

frame-agnostic performance. The pruning removes
the 69–94% of samples that are not frame-sensitive,
yielding a focused evaluation of frame-selection
sensitivity.

8 Conclusion

We presented three contributions toward under-
standing temporal grounding in Video QA evalua-
tion. First, we proposed FSS, a per-sample diagnos-
tic that quantifies dependence on temporal frame
selection, and conducted a large-scale systematic
study across multiple models, benchmarks, and
strategies. Encoder-based frame selection yields
substantial gains on long-video benchmarks, while
oracle ceilings confirm large untapped headroom.
Second, combining FSS with a LIS reveals that
only a minority of benchmark samples are tempo-
rally sensitive—both vision-dependent and frame-
sensitive. Third, we constructed TEMPCORE, tem-
porally grounded evaluation subsets, providing a
focused measure of frame-selection sensitivity.

Limitations

While FSS effectively identifies frame-sensitive
samples, it captures only one facet of temporal
reasoning—dependence on which frames are se-
lected. Other temporal requirements, such as causal
ordering, event duration estimation, or state-change
detection, may not manifest as frame-selection sen-
sitivity and are therefore invisible to FSS. Incorpo-
rating complementary temporal diagnostics (e.g.,
temporal ordering probes, action phase segmenta-
tion metrics) could yield a more comprehensive
characterization of benchmark temporality. We
leave the development of such multi-signal tempo-
ral taxonomies to future work.

We therefore do not claim that TEMPCORE mea-
sures temporal reasoning. A TEMPCORE subset
isolates the samples whose answers depend on
which frames are shown—a necessary condition
for temporal reasoning (§3), but not a sufficient
one.
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Model Architecture Params

LLaVA-OV-7B LLaVA-OneVision (Li et al., 2025) 7B
LLaVA-OV-0.5B LLaVA-OneVision (Li et al., 2025) 0.5B
VideoLLaMA3-2B VideoLLaMA3 (Zhang et al., 2025a) 2B
SmolVLM2-2.2B SmolVLM2 (Marafioti et al., 2025) 2.2B
SmolVLM2-500M SmolVLM2 (Marafioti et al., 2025) 500M
SmolVLM2-256M SmolVLM2 (Marafioti et al., 2025) 256M
Qwen3-VL-8B Qwen3-VL (Bai et al., 2025a) 8B
InternVL3.5-8B InternVL3 (Zhu et al., 2025) 8B

Table 5: Eight open-source VLMs spanning three
size tiers (256M–8B). Five model families evaluated in
zero-shot, multiple-choice setting with 32 input frames.

Appendix overview.
• Section A – Experimental setup
• Section B – FSS and TempCore validation
• Section C – Method ablations
• Section D – Detailed results

A Experimental Setup

A.1 Model Details

We evaluate eight open-source VLMs spanning five
model families and three size tiers (256M–8B pa-
rameters). The selection covers both established
architectures (LLaVA-OneVision, InternVL) and
recent lightweight models (SmolVLM2, VideoL-
LaMA3), ensuring diversity in design choices such
as vision encoder integration, temporal token han-
dling, and training data composition. All models
are evaluated in a zero-shot, multiple-choice setting
with 32 input frames.

A.2 Benchmark Details

We select six Video QA benchmarks that span
a range of video lengths, question types, and
evaluation protocols. Short-video benchmarks
(EgoSchema, MVBench, NExTQA) feature clips
under three minutes and test fine-grained actions,
scene transitions, and causal reasoning. Long-
video benchmarks (MLVU, LongVideoBench,
Video-MME) contain videos ranging from several
minutes up to an hour and require multi-hop tempo-
ral reasoning over extended narratives. All bench-
marks use multiple-choice format, enabling deter-
ministic accuracy evaluation without LLM-based
judging.

MVBench (Li et al., 2024) assembles twenty
temporal task types by converting existing video
annotations into multiple-choice items, deliberately
targeting skills a single frame should not satisfy.
NExTQA (Xiao et al., 2021) is organised around
causal and temporal questions over daily-life clips,

Benchmark # QA Median Len. Type

EgoSchema (Mangalam et al., 2023) 500 ∼3 min Short
MVBench (Li et al., 2024) 4,000 <1 min Short
NExTQA (Xiao et al., 2021) 8,564 ∼1 min Short
MLVU (Zhou et al., 2025) 2,175 ∼8 min Long
LongVideoBench (Wu et al., 2024) 1,337 ∼8 min Long
Video-MME (Fu et al., 2025) 2,700 various Mixed

Table 6: Six Video QA benchmarks spanning seconds
to tens of minutes. “Length” is the median video dura-
tion; “# QA” is the full evaluation set size.

asking why an action occurred or what followed
it. EgoSchema (Mangalam et al., 2023) extends
clips to three minutes of egocentric footage and
pairs them with narrative-rich options, so answer-
ing requires integrating a long span rather than
recognising one moment. MLVU (Zhou et al.,
2025) spans nine task types across movies, surveil-
lance, egocentric video, cartoons and games, and is
widely used to expose degradation as length grows.
LongVideoBench (Wu et al., 2024) builds each
question around a referring query pointing at a spe-
cific moment in videos up to an hour long, which is
why its questions are markedly longer than the oth-
ers’. Video-MME (Fu et al., 2025) is designed for
full-spectrum coverage, sampling short, medium
and long videos across six domains. The linguis-
tic consequences of these choices are quantified in
Table 13.

B FSS and TempCore Validation

B.1 Anti-key Samples as Temporally Sensitive

Our main analysis includes Anti-key samples in
TEMPCORE alongside Key samples (§7). The fol-
lowing evidence motivates this design decision:
Anti-key samples are also temporally sensitive. The
key insight is that SigLIP’s max-prob frames can be
misleading—selecting visually matching but tem-
porally wrong content (e.g., for “Did the yellow
object leave the scene?”, SigLIP selects frames
with the object rather than frames showing its dis-
appearance).

We hypothesize two mechanisms underlying
Anti-key behavior: (i) for static-appearance tasks
(e.g., Object Existence, Fine-grained Action),
SigLIP preferentially selects close-up shots of
salient objects, but the question asks about ab-
sence or subtle state changes that are better cap-
tured by contextual background frames; (ii) for
temporal-sequence tasks (e.g., Action Sequence),
the highest-similarity frames depict the endpoint
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Figure 9: Oracle gap exhibits a U-shape across FSS bins. Both positive (Key) and negative (Anti-key) FSS
tails show higher oracle gaps than the Non-key center, confirming that Anti-key samples are also temporally
sensitive—they require specific temporal segments, but SigLIP selects misleading frames. Bins with fewer than 5
samples are omitted.

of an action, depriving the model of the preceding
context needed to infer order. In MLVU, the Anti-
key fraction (8.2%) is substantial despite MLVU
having the highest Key fraction (36.0%), indicating
that visual appearance bias affects even temporally
demanding benchmarks.

Oracle gap vs. FSS bin. Figure 9 bins samples
by quantized FSS values and plots mean oracle
gap per bin. Both positive (Key) and negative
(Anti-key) tails show elevated oracle gaps com-
pared to the near-zero center (Non-key), producing
a U-shaped curve. This confirms that both Key
and Anti-key samples benefit substantially from
oracle frame selection, while Non-key samples—
which respond similarly regardless of frame selec-
tion strategy—show lower oracle gaps.

Oracle gap vs. |FSS|. Figure 10 plots per-sample
oracle gap against |FSS|. The binned mean (red
line) rises overall: higher |FSS| correlates with
larger oracle gaps regardless of sign, reinforcing
that both Key and Anti-key samples are temporally
localized.

Correct window centroid position. Table 7 an-
alyzes where in the video the correct-answer win-
dows are located. Key samples show a higher cen-
troid standard deviation than Non-key on five of

six benchmarks, so their correct windows sit at var-
ied points in the video rather than defaulting to the
middle. Anti-key exceeds Non-key on three of six,
a weaker and less consistent effect.

Together with the oracle gap subset analysis (Ta-
ble 2), these results establish that Anti-key sam-
ples are temporally sensitive but misled by visually
plausible-but-temporally-wrong frames. The true
dichotomy is Temporal (Key + Anti-key) vs. Non-
temporal (Non-key).

B.2 Human Temporal Judgment Validation

To validate FSS against human perception, we con-
ducted a preliminary human evaluation study. An
annotator assessed stratified samples spanning all
six benchmarks and the three FSS categories (Key,
Non-key, Anti-key at τ = 0.15) on a 1–5 temporal
necessity scale, passing where the necessity judg-
ment felt unclear; the rated set contains N = 100
samples (32 Key, 48 Non-key, 20 Anti-key), with
9 further Non-key ratings excluded uniformly at
random for balance. For each sample, annotators
were shown the video, the question, and the answer
options, and asked to assign a score indicating the
extent to which temporal information was neces-
sary to answer the question.

2893



0.0 0.2 0.4 0.6 0.8
|FSS|

40

20

0

20

40

60

80
O

ra
cl

e 
G

ap
 (p

p)
MVBench

Binned Mean

0.0 0.2 0.4 0.6
|FSS|

40

20

0

20

40

60

80

O
ra

cl
e 

G
ap

 (p
p)

NExTQA
Binned Mean

0.0 0.2 0.4 0.6 0.8
|FSS|

0

20

40

60

O
ra

cl
e 

G
ap

 (p
p)

EgoSchema
Binned Mean

0.0 0.2 0.4 0.6 0.8
|FSS|

0

20

40

60

80

100

O
ra

cl
e 

G
ap

 (p
p)

MLVU
Binned Mean

0.0 0.2 0.4 0.6 0.8
|FSS|

40

20

0

20

40

60

80

O
ra

cl
e 

G
ap

 (p
p)

LongVideoBench
Binned Mean

0.0 0.2 0.4 0.6 0.8 1.0
|FSS|

20

0

20

40

60

80

100

O
ra

cl
e 

G
ap

 (p
p)

Video-MME
Binned Mean

Figure 10: Absolute FSS predicts oracle gap magnitude. Per-sample scatter with binned means (red). The positive
trend confirms that both high-FSS (Key) and low-FSS (Anti-key) samples benefit from temporal frame selection.

Metric correlations. Table 8 reports individual
metric correlations with human temporal scores.
Crucially, |FSS| (absolute value) achieves higher
Spearman ρ than signed FSS (+0.391 vs. +0.376),
confirming that both Key and Anti-key samples
exhibit temporal dependence.

FSS category analysis. Table 9 and Figure 8
group human temporal scores by FSS category.
Key samples score highest (4.66 mean, 96.9%
rated temporal), Anti-key follow (3.55, 60.0%) and
Non-key are lowest (2.98, 47.9%). The Temporally
Sensitive class (Key ∪ Anti-key) exceeds Non-key
(p < 0.001, one-sided Mann–Whitney); Anti-key
alone is directionally higher but not significant at
this sample size (p = 0.18).

τ -sweep against human ground truth. Table 10
compares two temporal classification methods at
varying FSS thresholds, using human scores ≥
4 as ground truth. Method A (Key-only: FSS
> τ ) achieves higher precision, while Method B
(Key+Anti-key: |FSS| > τ ) gains in recall.
Method B matches or exceeds Method A at every
τ , confirming the inclusion of Anti-key in TEM-
PCORE. We adopt Method B (|FSS| > τ ) as the
default classification throughout this work.

B.3 External Correlation with Image VLM
Benchmarks

To validate that FSS correctly separates temporal
from non-temporal performance, we correlate Key-
subset and Non-key-subset model rankings with
six image VLM benchmarks (MMMU, MMMU-
Pro, MME, AI2D, TextVQA, OCRBench) evalu-
ated using lmms-eval (Zhang et al., 2025b). If
FSS correctly identifies frame-sensitive samples,
Non-key accuracy should correlate more strongly
with image benchmarks (measuring general VLM
capability), while Key accuracy should diverge.

Table 11 shows the expected direction on every
benchmark: Key correlation never exceeds Non-
key. The gap is widest on MLVU (mean ρ = 0.33
against 0.78) and Video-MME (0.44 against 0.78),
the two benchmarks with the highest temporal pu-
rity (Table 4), and narrows to +0.26 on MVBench
and +0.10 on EgoSchema and LongVideoBench.

NExTQA is the exception: its Key and Non-key
rankings coincide exactly (ρ = 0.78 for both), so
the split carries no information about model rank-
ing there. With only eight models a Spearman
correlation is coarse, and NExTQA’s Key set is
small (7.7%); we read the pattern as holding on
the benchmarks with substantial temporal content
rather than universally. This provides external evi-
dence that FSS captures distinct, frame-sensitive
capabilities rather than general VLM strength.
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Benchmark Category Begin (%) Middle (%) End (%) Std

Short-video
MVBench Key 10.2 70.5 19.3 0.160

Non-key 5.3 85.8 8.9 0.119
Anti-key 0.0 92.7 7.3 0.090

NExTQA Key 7.0 83.0 10.0 0.127
Non-key 2.6 93.9 3.5 0.083
Anti-key 4.2 90.0 5.8 0.097

EgoSchema Key 10.6 76.6 12.8 0.135
Non-key 4.5 91.8 3.7 0.094
Anti-key 6.2 68.8 25.0 0.107

Long-video
MLVU Key 7.3 87.1 5.6 0.110

Non-key 2.4 95.9 1.7 0.078
Anti-key 1.7 92.7 5.6 0.096

LongVideoBench Key 5.0 90.3 4.7 0.105
Non-key 4.9 90.4 4.7 0.108
Anti-key 3.8 91.2 5.0 0.099

Video-MME Key 7.7 86.0 6.2 0.112
Non-key 4.0 92.3 3.8 0.093
Anti-key 2.9 93.6 3.5 0.085

Table 7: Key samples’ correct windows are spread
across the video; Anti-key’s are not consistently
so. Distribution of correct-window centroids across
video thirds (Begin: [0, 1/3), Middle: [1/3, 2/3), End:
[2/3, 1]). Std is the standard deviation of centroid po-
sition, so a higher value means correct windows sit at
varied points in the video rather than defaulting to the
middle. Key exceeds Non-key on five of six benchmarks
(LongVideoBench is the exception); Anti-key exceeds
it on three.

Metric Spearman ρ PB r AUC

FSS +0.376 +0.327 0.685
|FSS| +0.391 +0.345 0.726

Table 8: Individual metric correlations with human
temporal scores. |FSS| captures both Key and Anti-key
temporal dependence, yielding higher correlation than
signed FSS. Threshold for binarization: score ≥ 4. (PB
r: Point-Biserial correlation.)

C Method Ablations

C.1 Frame Count (K) Ablation

We ablate the number of selected frames K ∈
{16, 32, 48} on EgoSchema with LLaVA-OV-7B
and LLaVA-OV-0.5B (Table 12). Accuracy dif-
ferences across K values are modest (≤5%), sug-
gesting that MAXPROB is robust to the frame bud-
get. We use K = 32 throughout as a practical
default that balances temporal coverage with com-
putational cost.

C.2 Benchmark Question Profiles

Five-axis profile of the six benchmarks, referenced
in Section 4. Descriptive density, WH-type entropy

FSS Bin N Mean Temporal% High Conf.%

Key 32 4.66 96.9% 100%
Non-key 48 2.98 47.9% 100%
Anti-key 20 3.55 60.0% 100%

Table 9: Human temporal scores by FSS category
(τ = 0.15). Key and Anti-key samples both exhibit ele-
vated temporal scores compared to Non-key, supporting
the U-shape hypothesis. Temporal%: score ≥ 4.

Key-Only (FSS > τ ) Key+Anti-Key (|FSS| > τ )
τ Prec. Rec. F1 Prec. Rec. F1

0.050 0.822 0.561 0.667 0.753 0.833 0.791
0.100 0.822 0.561 0.667 0.753 0.833 0.791
0.125 0.969 0.470 0.633 0.827 0.652 0.729
0.150 0.969 0.470 0.633 0.827 0.652 0.729
0.200 0.969 0.470 0.633 0.827 0.652 0.729
0.250 1.000 0.303 0.465 0.852 0.348 0.495
0.375 1.000 0.212 0.350 0.889 0.242 0.381
0.500 1.000 0.136 0.240 0.909 0.152 0.260

Table 10: τ -sweep: Key-only vs. Key+Anti-key tem-
poral classification against human ground truth. In-
cluding Anti-key samples (right) improves recall and F1
across most τ values, confirming that anti-key frames
also indicate temporal dependence.

and type-token ratio are computed over the full
question set; ambiguity is a mean rating on a five-
point scale.

C.3 Frame Coverage and Sensitivity
Table 14 reports mean |FSS| binned by frame cov-
erage K/L, the ratio of the frame budget to the
number of scored frames. Only MVBench reaches
the highest coverage bin; EgoSchema and MLVU
sit entirely below K/L = 0.10. “–” marks an
empty bin.

C.4 Contamination Probe
Two controls test whether no-frame (LIS) accuracy
reflects benchmark contamination acquired during
video-multimodal training. First, we extend the
LIS model panel with three text-only LLMs, for
which video-specific contamination is impossible
by construction (Table 15); benchmark-level LIS
moves by at most 2.9 pp and by under 1 pp on three
of six. These probes cover a 300-sample subset
per benchmark, so this is a robustness check on
the aggregate, and per-sample LIS throughout the
paper remains the 8-VLM quantity.

Second, a same-backbone paired control (Ta-
ble 16) compares Qwen3-8B against Qwen3-VL-
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Spearman ρ vs. Image VLM Benchmark

Split MMMU MMMU-Pro MME AI2D TextVQA OCRBench Mean

Short-video
MVBench

Key .64 .64 .62 .55 .57 .31 .56
Non-key .86 .86 .90 .83 .81 .67 .82

NExTQA
Key .83 .83 .86 .79 .76 .60 .78
Non-key .83 .83 .86 .79 .76 .60 .78

EgoSchema
Key .71 .71 .74 .67 .69 .45 .66
Non-key .81 .81 .83 .76 .71 .64 .76

Long-video
MLVU

Key .43 .43 .40 .31 .33 .10 .33
Non-key .83 .83 .86 .79 .76 .60 .78

LongVideoBench
Key .79 .79 .83 .76 .74 .55 .74
Non-key .90 .90 .90 .86 .83 .64 .84

Video-MME
Key .52 .52 .57 .45 .43 .17 .44
Non-key .83 .83 .86 .79 .76 .60 .78

Table 11: Non-key accuracy correlates more strongly
with image VLM benchmarks than Key accuracy.
Spearman ρ between Key and Non-key (including Anti-
key) model rankings and six image benchmarks eval-
uated via lmms-eval. Key correlation is never higher
than Non-key, and the gap is widest on MLVU and
Video-MME, indicating that Key performance captures
a distinct temporal skill rather than general VLM capa-
bility. N=8 models.

Model K=16 K=32 K=48

LLaVA-OV-7B 50.6 53.8 55.0
LLaVA-OV-0.5B 23.8 24.2 25.0

Table 12: MaxProb accuracy is robust to frame bud-
get K. Q-mode accuracy (%) on EgoSchema across
K ∈ {16, 32, 48} under the temporal-diversity selec-
tion of §3 for two representative models. Differences
are modest, supporting K=32 as a practical default.
Bold marks the default K=32.

8B-Instruct, which adds video-multimodal post-
training on top of it. Both see the same ques-
tions with no usable visual input, so the difference
bounds what that post-training contributes, con-
tamination included. On MVBench, NExTQA,
EgoSchema and MLVU it is +1.0 to +2.3 pp.
On LongVideoBench (+13.3) and Video-MME
(+8.7) it is not small, and our probes cannot sep-
arate benchmark exposure from ordinary gains in
multiple-choice instruction following; the Trivial
fractions of those two benchmarks should be read
with that reservation.

C.5 Random and Uniform Baselines
C.6 Per-Encoder Comparison
We compare MAXPROB accuracy with three
vision-language encoders: SigLIP2-400M (de-
fault), SigLIP-400M, and CLIP ViT-L/14. Table 18
reports Q-mode accuracy on the Perception bench-
mark (19,140 samples) for two LLaVA models.
All three encoders produce nearly identical accu-
racy, with differences within 0.5 pp. This confirms
that frame selection quality is robust to the choice
of scoring encoder, consistent with the finding of
Zohar et al. (2025) that modern vision-language
encoders converge in frame-level ranking ability.

C.7 Question and Answer Text Statistics
Table 19 reports the mean question and an-
swer option lengths across six benchmarks.
LongVideoBench questions average 44.1 words,
up to nearly four times longer than those of other
benchmarks (12–25 words), because they em-
bed detailed scene descriptions —clothing, spa-
tial layout, character actions—before posing a
query. This explains why QA-mode adds least
on LongVideoBench among the long-video bench-
marks (§5.1): the question text alone provides suffi-
cient visual grounding for the encoder, and append-
ing answer text adds noise rather than signal.

LongVideoBench case study. The following
examples illustrate the descriptive nature of
LongVideoBench questions:

LongVideoBench (77 words): “In a room dec-
orated with various paintings, there are two men
standing in the middle. On the left is a man with
short hair wearing a red short-sleeve shirt, holding
a beer. On the right is a man with a black beard,
wearing a gray short-sleeve shirt. Behind the man
in red is a white door. When the subtitle mentions
‘over 2600 meters yeah there you go we’, what
did the man in the red shirt do?”

LongVideoBench (79 words): “In the video,
there are two men in a room. The man on the
left is wearing a yellow shirt, a hat backwards,
and a watch on his left hand. The man on the
right is wearing a shirt with red flowers and green
leaves and has a bracelet on his left hand. When
the subtitle mentions ‘interested enough to join us
but first,’ what change happens to the man wear-
ing the shirt with red flowers and green leaves?”

MLVU (4 words): “Did I drink water?”

The contrast is striking: LongVideoBench ques-
tions specify clothing colors, accessories, and spa-
tial positions in enough detail for a vision-language
encoder to localize the relevant frames from the
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Benchmark N Q-words Desc.% WH-ent TTR Ambig.

MVBench 4,000 13.1 1.81 2.04 0.038 1.63
NExTQA 8,564 11.5 3.93 1.84 0.028 1.61
EgoSchema 500 24.5 0.14 1.24 0.114 2.71
MLVU 2,174 15.4 1.97 2.32 0.071 1.29
LongVideoBench 1,337 44.1 8.47 0.71 0.104 1.33
Video-MME 2,700 13.6 1.25 2.27 0.151 1.47

Table 13: The six benchmarks differ on every axis we can measure, so median length alone does not
characterise them. “N”: evaluation-set size; “Q-words”: mean question length. “Desc.%”: share of question tokens
that are visual descriptors (colour, shape, object). “WH-ent”: Shannon entropy in bits over 11 WH-type bins, so
higher means WH-types are evenly mixed and lower means one type dominates. “TTR”: type-token ratio over
question text, a lexical-diversity index. “Ambig.”: mean of two independent LLM 1–5 under-specification scores (1
= clear). Column maxima in bold.

Benchmark ≥0.5 0.25–0.5 0.10–0.25 <0.10

MVBench 4.5 7.2 7.0 9.5
NExTQA – 5.6 6.0 8.3
EgoSchema – – – 11.9
MLVU – – – 20.9
LongVideoBench – 6.1 6.6 15.8
Video-MME – 2.1 7.8 18.4

Table 14: The scarcest frame budget yields the largest
|FSS| in every benchmark. Cell: 8-model average
|FSS| (%) for samples binned by K/L, the ratio of the
K=32 frame budget to the number of scored frames L.
The <0.10 bin holds the row maximum everywhere, ex-
ceeding the best-covered bin by 2.7–16.3 pp in the four
benchmarks that populate more than one bin. Frame
selection therefore matters in proportion to how much
of the video the budget must discard. “–” indicates no
samples in that bin.

question alone. In contrast, short questions like
the MLVU example provide almost no visual cues,
making the answer text a valuable source of ground-
ing signal.

D Detailed Results

D.1 Per-Benchmark Figures
Figure 11 presents the per-benchmark FSS distribu-
tions corresponding to the aggregated view in Fig-
ure 4. Figure 12 shows the cross-benchmark model
ranking correlation matrices; Figure 13 shows the
per-benchmark LIS–FSS scatter plots.

D.2 Performance Tables
Table 20–Table 28 provide complete per-model
results for each evaluation strategy and benchmark.

Benchmark 8 VLMs + 3 LLMs ∆ (pp)

MVBench 29.1 30.8 +1.6
NExTQA 34.2 37.1 +2.9
EgoSchema 25.7 27.5 +1.8
MLVU 36.1 36.3 +0.2
LongVideoBench 35.3 35.1 -0.2
Video-MME 33.1 33.2 +0.0

Table 15: Adding models that have never seen a video
barely moves LIS. Mean no-frame accuracy (%) over
the 8-VLM panel versus the same panel plus 3 text-only
LLMs (Qwen2.5-7B, Llama-3.1-8B, Qwen3-8B), for
which video-specific contamination is impossible by
construction. The largest shift is +2.9 pp and three of
six benchmarks move by under 1 pp, so the language-
prior signal LIS measures is not an artefact of video-
multimodal training. The LLM probes cover a 300-
sample subset per benchmark, so this is a benchmark-
level robustness check; per-sample LIS throughout the
paper remains the 8-VLM quantity.

Benchmark N Qwen3-8B Qwen3-VL-8B ∆
(text-only) (no-frame)

MVBench 300 37.3 39.3 +2.0
NExTQA 300 46.7 49.0 +2.3
EgoSchema 300 33.7 35.7 +2.0
MLVU 300 38.7 39.7 +1.0
LongVideoBench 300 32.0 45.3 +13.3
Video-MME 300 35.3 44.0 +8.7

Mean +4.9

Table 16: Video post-training leaves no-frame ac-
curacy nearly unchanged on four benchmarks but
adds substantially on two. Qwen3-8B is a text-only
LLM; Qwen3-VL-8B-Instruct shares that backbone and
adds video-multimodal post-training. Both answer the
same questions with no usable visual input, so ∆ upper-
bounds what that post-training contributes—including
any benchmark exposure it carried, but also ordinary
gains in multiple-choice instruction following. Columns
are computed on identical samples; every probe item
was checked to carry the dataset’s own gold letter.
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Figure 11: Per-benchmark FSS distributions (τ = 0.15). All six benchmarks show a dominant near-zero peak,
with MLVU exhibiting the broadest spread.
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Figure 12: Cross-benchmark model ranking correlations. 1 × 4 Spearman ρ matrices for Key×Key, Non-
key×Non-key, Key×Non-key, and Non-key×Key subsets.

Benchmark MinProb Random Uniform MaxProb Max−Random

MVBench 47.4 48.7 48.7 49.0 +0.3
NExTQA 56.8 58.4 59.4 59.2 +0.8
EgoSchema 32.7 37.8 38.1 39.2 +1.4
MLVU 44.1 50.9 51.5 57.3 +6.4
LongVideoBench 41.4 44.3 45.2 47.8 +3.5
Video-MME 38.6 46.1 46.3 49.7 +3.7

Table 17: Random sampling baseline confirms the
encoder-based selection signal. Mean accuracy across
8 VLMs (%), QA-mode scoring with K = 32 frames,
on the samples with complete results under all four
strategies. MaxProb exceeds Random on all 6 bench-
marks (largest margin +6.4 pp on MLVU) and Random
exceeds MinProb on 6 of 6, so the gap reflects ranking
quality rather than a sampling-protocol artifact. “Uni-
form” samples K frames at equal intervals; it tracks
Random closely and edges MaxProb only on NExTQA
(59.4 vs. 59.2).

Model SigLIP2-400M SigLIP-400M CLIP ViT-L

LLaVA-OV-7B 57.5 57.5 57.9
LLaVA-OV-0.5B 48.8 48.8 48.9

∆ (max−min) ≤ 0.5 pp

Table 18: Encoder choice has negligible impact on
MaxProb accuracy. Q-mode MaxProb accuracy (%) on
Perception (19,140 samples) with three vision-language
encoders. All differences are within 0.5 pp, confirming
that frame selection quality is robust to encoder choice.
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Figure 13: Per-benchmark LIS–FSS scatter plots. Each panel shows the two-dimensional (LIS, FSS) distribution
with four-category coloring. Dashed lines mark thresholds (τ = 0.15, λ = 0.50).

Benchmark Q (words) A (words) #Opts

MVBench 13.1 4.0 3.7
NExTQA 11.5 2.8 5.0
EgoSchema 24.5 22.5 5.0
MLVU 15.4 2.5 4.0
LongVideoBench 44.1 9.0 4.7
Video-MME 13.6 5.1 4.0

Table 19: LongVideoBench questions are up to nearly
4× longer than other benchmarks’. Mean question
length (Q), answer option length (A), and number of
options (#Opts) across six benchmarks. The descrip-
tive nature of LongVideoBench questions explains why
QA-mode adds least there among the long-video bench-
marks.
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Table 20: QA-mode scoring wins in 42 of 48 model×benchmark cells. Per-model Q-mode vs. QA-mode
MAXPROB accuracy (%) across all six benchmarks; Table 1 reports the model-averaged summary. Five of the six
exceptions are VideoLLaMA3-2B, and none exceeds 1.4 pp, so the advantage is broad rather than driven by a few
models.

Short-video Long-video

MVBench NExTQA EgoSchema MLVU LongVideoBench Video-MME

Model Q QA Q QA Q QA Q QA Q QA Q QA

InternVL3.5-8B 68.7 69.5 79.5 80.7 55.2 66.2 68.7 72.6 59.2 61.1 59.3 62.8
LLaVA-OV-7B 55.8 57.0 78.0 78.7 53.8 62.8 67.6 70.8 58.3 59.3 56.8 62.2
Qwen3-VL-8B 56.4 57.6 70.9 71.2 50.6 58.2 57.4 60.1 50.2 52.4 50.5 54.1
SmolVLM2-2.2B 46.5 47.4 60.8 62.3 25.8 32.0 58.0 59.9 50.2 50.6 47.5 53.2
LLaVA-OV-0.5B 46.3 47.4 57.2 58.5 24.2 27.4 57.7 59.9 45.3 46.7 44.5 49.3
SmolVLM2-500M 42.0 42.3 46.9 48.3 23.4 26.6 51.4 55.2 42.5 43.8 40.5 45.7
VidLLaMA3-2B 40.2 38.8 46.9 46.4 23.2 23.0 42.9 42.8 41.1 40.9 36.7 36.8
SmolVLM2-256M 31.6 31.9 27.6 27.4 17.0 17.2 35.6 37.4 26.8 27.7 32.5 33.7

Short-video Long-video Avg. ∆

MVBench NExTQA EgoSchema MLVU LongVideoBench Video-MME

Model Max Min ∆ Max Min ∆ Max Min ∆ Max Min ∆ Max Min ∆ Max Min ∆ Short Long

InternVL3.5-8B 69.5 67.2 +2.3 80.7 77.0 +3.6 66.2 53.2 +13.0 72.6 53.4 +19.2 61.1 50.3 +10.8 62.8 47.9 +15.0 +6.3 +15.0
LLaVA-OV-7B 57.0 54.8 +2.2 78.7 75.0 +3.7 62.8 49.0 +13.8 70.8 49.9 +20.9 59.3 47.9 +11.4 62.2 43.4 +18.8 +6.6 +17.0
Qwen3-VL-8B 57.6 56.2 +1.4 71.2 68.9 +2.3 58.2 50.2 +8.0 60.1 48.6 +11.5 52.4 46.1 +6.4 54.1 44.5 +9.6 +3.9 +9.1
SmolVLM2-2.2B 47.4 45.5 +2.0 62.3 58.8 +3.5 32.0 24.8 +7.2 59.9 45.5 +14.4 50.6 43.0 +7.6 53.2 39.1 +14.1 +4.2 +12.0
LLaVA-OV-0.5B 47.4 44.4 +3.0 58.5 54.7 +3.8 27.4 21.4 +6.0 59.9 43.4 +16.6 46.7 38.6 +8.1 49.3 34.7 +14.6 +4.2 +13.1
SmolVLM2-500M 42.3 40.7 +1.6 48.3 45.6 +2.6 26.6 23.2 +3.4 55.2 41.0 +14.2 43.8 38.1 +5.7 45.7 33.9 +11.8 +2.5 +10.6
VidLLaMA3-2B 38.8 39.1 -0.2 46.4 46.8 -0.4 23.0 23.4 -0.4 42.8 41.8 +1.0 40.9 40.5 +0.4 36.8 37.4 -0.6 -0.4 +0.3
SmolVLM2-256M 31.9 31.4 +0.5 27.4 27.1 +0.3 17.2 16.2 +1.0 37.4 29.6 +7.8 27.7 27.1 +0.7 33.7 27.7 +6.0 +0.6 +4.8

Average 49.0 47.4 +1.6 59.2 56.8 +2.4 39.2 32.7 +6.5 57.3 44.1 +13.2 47.8 41.4 +6.4 49.7 38.6 +11.2 +3.5 +10.2

Table 21: MaxProb outperforms MinProb on long-video benchmarks in 23 of 24 model–benchmark cells.
Per-model accuracy (%) with Short and Long average ∆ columns. Best value per column in bold.

Short-video Long-video Avg. Gap

MVBench NExTQA EgoSchema MLVU LongVideoBench Video-MME

Model Uniform Oracle Gap Uniform Oracle Gap Uniform Oracle Gap Uniform Oracle Gap Uniform Oracle Gap Uniform Oracle Gap Short Long

InternVL3.5-8B 69.1 76.7 +7.5 80.2 87.7 +7.4 64.6 83.8 +19.2 65.6 93.7 +28.1 57.3 83.9 +26.6 61.3 85.2 +24.0 +11.4 +26.2
LLaVA-OV-7B 57.0 65.1 +8.1 78.1 88.2 +10.0 63.0 83.4 +20.4 63.9 92.7 +28.8 56.5 81.8 +25.3 57.7 87.9 +30.1 +12.8 +28.1
Qwen3-VL-8B 57.2 66.4 +9.2 70.5 84.4 +13.9 54.0 81.0 +27.0 52.0 87.3 +35.3 48.8 80.9 +32.1 49.7 85.6 +36.0 +16.7 +34.5
LLaVA-OV-0.5B 46.4 52.1 +5.7 57.0 69.9 +13.0 26.4 40.2 +13.8 51.3 82.8 +31.5 43.0 63.8 +20.8 44.3 75.0 +30.7 +10.8 +27.7
SmolVLM2-2.2B 46.7 52.1 +5.4 61.1 70.4 +9.3 29.4 41.8 +12.4 54.6 77.0 +22.5 47.3 67.8 +20.6 49.4 73.8 +24.4 +9.1 +22.5
SmolVLM2-500M 42.1 47.7 +5.6 47.2 57.4 +10.3 26.2 44.4 +18.2 48.6 78.5 +30.0 40.9 69.2 +28.3 40.3 75.1 +34.8 +11.4 +31.0
SmolVLM2-256M 31.5 33.6 +2.1 27.9 37.2 +9.3 17.0 22.2 +5.2 33.3 60.4 +27.1 26.8 48.9 +22.1 30.8 67.5 +36.7 +5.5 +28.6
VidLLaMA3-2B 39.5 41.0 +1.5 47.0 48.9 +1.9 24.4 25.8 +1.4 42.9 46.1 +3.2 41.1 43.5 +2.4 37.1 41.1 +3.9 +1.6 +3.2

Average 48.7 54.3 +5.6 58.6 68.0 +9.4 38.1 52.8 +14.7 51.5 77.3 +25.8 45.2 67.5 +22.3 46.3 73.9 +27.6 +9.9 +25.2

Table 22: Large oracle gaps reveal substantial headroom for frame selection. Uniform-sampling vs. window-
oracle accuracy (%). Long-video gaps far exceed short-video gaps, confirming that temporal frame selection is most
consequential for extended videos. Best value per column in bold.
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Model No Frame Uniform Oracle MaxProb MinProb

InternVL3.5-8B 38.9 69.1 76.7 69.5 67.2
Qwen3-VL-8B 37.5 57.2 66.4 57.6 56.2
LLaVA-OV-7B 36.5 57.0 65.1 57.0 54.8
LLaVA-OV-0.5B 33.0 46.4 52.1 47.4 44.4
SmolVLM2-2.2B 30.2 46.7 52.1 47.4 45.5
SmolVLM2-500M 31.2 42.1 47.7 42.3 40.7
VidLLaMA3-2B 31.9 39.5 41.0 38.8 39.1
SmolVLM2-256M 29.3 31.5 33.6 31.9 31.4

Table 23: Window oracle dominates all strategies
on MVBench. Cross-strategy accuracy (%) across 8
VLMs. Oracle substantially outperforms all other strate-
gies, while MaxProb and uniform sampling perform
comparably on this short-video benchmark. Best value
per column in bold.

Model No Frame Uniform Oracle MaxProb MinProb

InternVL3.5-8B 48.8 80.2 87.7 80.7 77.0
LLaVA-OV-7B 49.2 78.1 88.2 78.7 75.0
Qwen3-VL-8B 49.8 70.5 84.4 71.2 68.9
LLaVA-OV-0.5B 35.7 57.0 69.9 58.5 54.7
SmolVLM2-2.2B 22.6 61.1 70.4 62.3 58.8
SmolVLM2-500M 25.2 47.2 57.4 48.3 45.6
VidLLaMA3-2B 30.0 47.0 48.9 46.4 46.8
SmolVLM2-256M 21.1 27.9 37.2 27.4 27.1

Table 24: Window-oracle reveals large untapped
potential on NExTQA. Cross-strategy accuracy (%)
across 8 VLMs. MaxProb and uniform sampling remain
closely matched. Best value per column in bold.

Model No Frame Uniform Oracle MaxProb MinProb

InternVL3.5-8B 33.0 64.6 83.8 66.2 53.2
LLaVA-OV-7B 34.6 63.0 83.4 62.8 49.0
Qwen3-VL-8B 36.6 54.0 81.0 58.2 50.2
SmolVLM2-2.2B 20.2 29.4 41.8 32.0 24.8
SmolVLM2-500M 19.4 26.2 44.4 26.6 23.2
LLaVA-OV-0.5B 15.6 26.4 40.2 27.4 21.4
VidLLaMA3-2B 25.6 24.4 25.8 23.0 23.4
SmolVLM2-256M 20.2 17.0 22.2 17.2 16.2

Table 25: MAXPROB leads MINPROB on EgoSchema
for 7 of 8 models. Cross-strategy accuracy (%)
across the eight VLMs. The mean gap is +6.5 pp, be-
tween the short-video and long-video groups, matching
EgoSchema’s three-minute clips. Best value per column
in bold.

Model No Frame Uniform Oracle MaxProb MinProb

InternVL3.5-8B 44.9 65.6 93.7 72.6 53.4
LLaVA-OV-7B 45.1 63.9 92.7 70.8 49.9
Qwen3-VL-8B 41.4 52.0 87.3 60.1 48.6
LLaVA-OV-0.5B 35.8 51.3 82.8 59.9 43.4
SmolVLM2-2.2B 30.2 54.6 77.0 59.9 45.5
SmolVLM2-500M 31.1 48.6 78.5 55.2 41.0
VidLLaMA3-2B 34.2 42.9 46.1 42.8 41.8
SmolVLM2-256M 25.7 33.3 60.4 37.4 29.6

Table 26: MLVU shows the strongest strategy dif-
ferentiation among all benchmarks. Cross-strategy
accuracy (%) across 8 VLMs, reflecting MLVU’s high
temporal demand. Best value per column in bold.

Model No Frame Uniform Oracle MaxProb MinProb

InternVL3.5-8B 44.6 57.3 83.9 61.1 50.3
LLaVA-OV-7B 39.7 56.5 81.8 59.3 47.9
Qwen3-VL-8B 42.8 48.8 80.9 52.4 46.1
SmolVLM2-2.2B 29.2 47.3 67.8 50.6 43.0
LLaVA-OV-0.5B 33.7 43.0 63.8 46.7 38.6
SmolVLM2-500M 31.0 40.9 69.2 43.8 38.1
VidLLaMA3-2B 36.5 41.1 43.5 40.9 40.5
SmolVLM2-256M 25.1 26.8 48.9 27.7 27.1

Table 27: MaxProb provides meaningful gains over
MinProb on LongVideoBench. Cross-strategy accu-
racy (%) across 8 VLMs, demonstrating effective frame
retrieval on long videos. Best value per column in bold.

Model No Frame Uniform Oracle MaxProb MinProb

InternVL3.5-8B 44.5 61.3 85.2 62.8 47.9
LLaVA-OV-7B 38.2 57.7 87.9 62.2 43.4
Qwen3-VL-8B 40.6 49.7 85.6 54.1 44.5
SmolVLM2-2.2B 28.1 49.4 73.8 53.2 39.1
LLaVA-OV-0.5B 30.7 44.3 75.0 49.3 34.7
SmolVLM2-500M 29.5 40.3 75.1 45.7 33.9
SmolVLM2-256M 25.4 30.8 67.5 33.7 27.7
VidLLaMA3-2B 28.2 37.1 41.1 36.8 37.4

Table 28: Video-MME exhibits the largest oracle gaps
among all benchmarks. Cross-strategy accuracy (%)
across 8 VLMs. Best value per column in bold.
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