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Abstract. Multimodal Large Language Models have demonstrated im-
pressive video understanding, yet their ability to reason over long-form
narratives is often masked by visual-centric evaluations and inefficient
context processing. Existing benchmarks over-rely on visual heuristics
while marginalizing auditory cues, effectively reducing models to "silent
observers" that bypass genuine cross-modal reasoning. Moreover, stan-
dard dense sampling creates an evidence—context trade-off: increas-
ing frames to capture evidence inevitably leads to attention distrac-
tion and token explosion. To bridge these gaps, we present Video-
HolmesV2, a novel benchmark designed for Deep Audio-Visual Cou-
pling. Unlike previous works, it enforces an Evidence-Based Evalua-
tion, requiring models to justify answers with precise spatio-temporal
audio-visual evidence, thereby reducing confounding effects of guess-
ing and hallucinated evidence. To support this, we introduce: (1) a Multi-
Model Cross-Verification pipeline to ensure task rigor; (2) a Spatio-
temporal Evidence-Aware Metric for fine-grained calibration. Further-
more, we propose an Audio-Text Guided Token Compression framework.
By fusing task intent with auditory anchors, our method distills high-
value reasoning cues to mitigate long-context noise. In our evaluation,
even strong proprietary models achieve below 60% accuracy, while our
approach outperforms over comparable open-source omni-models.

Keywords: Video Understanding - Reasoning Evidence - Audio-visual

Combination

1 Introduction

The landscape of video understanding has been fundamentally transformed by
the rapid evolution of Multimodal Large Language Models (MLLMs) [1,14}17129]
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Benchmarks Modality # Videos Avg. Len # QA Pairs A-V Corr. S-T Evid. Evid. Chain

Video-Only Benchmarks

ActivityNet-QA [40] \% 5,800 180s 58,000 X X X
MMBench-Video [5] A% 609 165s 1,998 X X X
EgoSchema |18| A% 5,063 180s 5,063 X X X
Video-MME |6] v 900 1018s 2,700 X X X
Audio- Visual Benchmarks

WorldSense (10| A+V 1,662 141s 3,172 v X X
OmniVideoBench [12] A+V 628 384s 1000 v X X
Our Series

Video-Holmes (V1) |2] AV 270 <300s 1,837 X X v
Video-HolmesV2 (Ours) A4V 784  600-7500s 4000 v v v

Table 1: Comparison with existing benchmarks. Video-HolmesV2 stands out by offer-
ing large-scale QA pairs, long-form video understanding, and unique spatio-temporal
audio-visual evidence, surpassing both video-only and recent audio-visual benchmarks.

41]. While these models exhibit remarkable proficiency in short-clip perception,
comprehending long-form narratives remains a formidable challenge [18}25,/30].
To address this, recent “omni-modal” architectures—such as GPT-4o [19], Gem-
ini 2.5 Pro [9], and Qwen2.5-Omni |38]—mnatively integrate auditory streams to
facilitate holistic understanding of extended temporal contexts. However, eval-
uation paradigms have lagged significantly behind these architectural advances.
Existing benchmarks—from short-clip assessments [2}/4./10L{15] to hour-long eval-
uations like Video-MME [11] and LongVideoBench [36]—remain predominantly
visual-centric, inherently relegating the auditory channel to a secondary, often
neglected signal. This systematic bias reduces MLLMs to "silent observers" that
overlook dynamic acoustic semantics while over-relying on visual patterns. Such
visual fixation creates a critical bottleneck for long video understanding, where
visual and auditory cues are deeply intertwined rather than merely additive.
Beyond the necessity of cross-modal coupling, traditional metrics that rely
solely on answer accuracy fail to capture long-range cross-modal causality, as
they cannot distinguish genuine reasoning from visually-biased hallucinations [3].
To bridge this critical gap, we present Video-HolmesV2, a large-scale benchmark
comprising 784 long-form videos (averaging 43 minutes) specifically designed to
enforce deep audio-visual coupling (A-V Corr.). As detailed in Tab. [1} unlike
existing datasets |11},42| that prioritize visual dominance or lack intermediate
supervision, Video-HolmesV2 pioneers an Evidence-Based Evaluation. This rig-
orous paradigm mandates that models go beyond merely predicting the correct
outcome; they must actively construct a logical deduction chain (Evid. Chain)
substantiated by precise, spatio-temporal audio-visual evidence (S-T Evid.),
thereby proving that their answers are grounded in concrete multimodal facts.
To ensure uncompromised data quality, Video-HolmesV?2 is curated from re-
cent high-fidelity cinematography and meticulously annotated via a multi-model
cross-verification pipeline to eliminate unimodal biases. Consequently, our task
taxonomy transcends simple perception to challenge high-order cognition, in-
cluding causal and counterfactual deduction (Fig. . A representative example
of this intricate coupling is illustrated in Fig. visually identifying a “blue
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Why the arvival of the blue snake character 'Gary' in the video is described
as a fundamental disruption to the existing social structure of 'Zootopia'?

) :
A ! ty .
B. Because be belongs to the reptile, it breaks the socio-demographic setting of the city
wade up only of wammals.<Answer>
i

A. Because he is a serial criminal, he broke the city's record for public security.

C. Because he possesses supernatural wagical abilities, which do not exist in the scientific city.
D.Because he was an undercover agent sent on a wission, it led to Judy and Nick facing a job crisis.

[ Deep Audio-Visual Coupling ]
( VISUAL EVIDENCE AUDTO EVIDENCE
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S (Gary), but the other citizens in the background i rth:vzs... n :cvatmg that Gl Gl age, reptiles existe
W (elephant, seahorse, lion) are all mavamals. ) litilin Ghua ot ety 5, Unts v ot oo
Visual Description 2 : <time>01:37:07 -01:57: 13<time> Audio Description 2 : <t:’w\a>0(237 36 -0037: 50t ime>
The scene shows a humid swamp area (reptile~friendly Beavel;mzrodu.ud th;tf lirem th very bzﬁ'"’:“‘q‘Fthg swamp
area), which was not emphasized in the urban areajhas ee'y\ :s?Ia.tz Lfvom other regions.. therefore, V?ptllles
landscape of the first installment, indicating that Mo et A eifliion Wikt [l o ORistiad kit
reptiles once existed within the social structure. the social structure but remaing idden in the swamp area..
REASONING CHAIN: <00:16:14>First, Audio narration further explains that reptiles existed
historically but disappeared from society after a rupture a hundred years ago<Audio I>;
Z  <00:2¢:25>Second, Visual evidence shows that Zootopia’s public urban space is populated
< exclusively by mammals, making Gary’s reptilian apfeamnce immediately anomalous.<Visual [>;
% <01:37:170>Third, the later introduction of a humid swamp visually associates reptiles with a
& marginal, non-mainstream environment rather than the city’s core......<Visual 2>;<00:37:38 >
Finally, together with the statement that the swamp was isolated from the beginning, these cues
D indicate that reptiles were systematically excluded, so Gary’s arrival fundamentally disrupts the
‘>’_‘ city’s established socio-demographic structure.<Audio 2>
pay
<X OPTION ANALYS/IS:
% Distractor A_logic: Although the video hints at cases and mysteries, the fundamental reason for
‘breaking the social structure' is explicitly attributed ......
istractov_B_logic: Ju a ick float and fa rou e aiv, creating a very surveal scene;
Distractor B_logic: Judy and Nick float and fall through th ting Y [
as if there is magic.....
Distractor C_logic: Auditory evidence claar{i, indicates that it was "Judy and Nick" who went -
undercover, no ary. Gary is the target of (v investigation or a newly introduce
d, t Gary. Gary is the target of the tigat ly introduced
character......

Fig. 1: Deep Audio-Visual Coupling in Video-HolmesV2. Using Zootopia, we demon-
strate the necessity of cross-modal synthesis. Visual cues alone (identifying a blue
snake) fail to imply "social disruption" without the auditory historical context (rep-
tiles disappeared centuries ago). Uniquely, our benchmark provides an Evidence-Based
Evaluation, requiring models to ground answers in precise spatio-temporal timestamps
from both visual and auditory channels.

snake” only implies a social threat when synthesized with the auditory context
that reptiles vanished centuries ago. Furthermore, to robustly assess these com-
plex reasoning chains, we introduce a Spatio-Temporal Evidence-Aware Evalua-
tion. This metric replaces rigid thresholds with Gaussian-based soft scoring and
strictly conditions the final assessment on valid evidence extraction, effectively
disentangling genuine multimodal reasoning from spurious guessing.

To effectively navigate the intricate causal evidence in ultra-long videos, high-
density frame sampling is a prerequisite to capture fleeting evidence. However,
this precipitates a severe token explosion that overwhelms the context windows
of current MLLMs. While token compression offers a remedy, prevailing strate-
gies often rely on naive top-K truncation or unimodal guidance, inadvertently
severing vital cross-modal links or discarding macroscopic context. To resolve
this efficiency-accuracy dilemma, we propose a Audio-Text Guided Token
Compression framework. By fusing text-guided subjective intent with audio-
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guided objective events, our approach comprehensively evaluates visual token
relevance. Instead of rigid pruning, it performs fine-grained deduplication on re-
dundant high-scoring patches and dynamically reallocates the saved budget to
retain global context, ensuring both microscopic evidence and narrative atmo-
sphere are preserved. Extensive experiments demonstrate that this paradigm not
only excels on Video-HolmesV2 but also achieves state-of-the-art performance
across multiple established video understanding benchmarks.
Our main contributions are summarized as follows:

— We introduce Video-HolmesV2, a benchmark of 784 long-form videos fea-
turing Deep Audio-Visual Coupling. It challenges models to resolve complex
causal dependencies relying on inextricably linked visual and auditory clues.

— We curate precise Spatio-Temporal Audio-Visual Evidence via multi-model
cross-verification, enabling both high-fidelity bimodal annotations and a
novel evaluation metric that strictly conditions reasoning accuracy on valid
temporal grounding, effectively penalizing ungrounded speculation.

— We propose an Audio-Text Guided Token Compression framework. By com-
bining bimodal scoring with differentiated deduplication, it preserves critical
evidence and achieves superior reasoning accuracy compared to existing to-
ken compression methods on long-video tasks.

2 Related Works

2.1 Multimodal Models for Video Understanding

The field of video understanding has rapidly evolved with Multimodal Large
Language Models (MLLMs). Initially, models treated videos as sequences of
images [14L|17,/41], leveraging image-based foundations like CLIP [23] and mod-
ular encoders to perform unified inference [11/29,/44]. Recently, the frontier has
shifted towards “Omni-modal” architectures capable of natively processing in-
terwoven data streams. Proprietary models like GPT-40 19| and Gemini 2.5
Pro |9], alongside open-source efforts such as Qwen2.5-Omni [38], VITA [7.[3],
Video-SALMONN [26], and InteractiveOmni [28], have explored end-to-end ca-
pabilities for simultaneous audio-video understanding. Despite these architec-
tural advancements, evaluating and processing thousands of frames introduces
severe computational burdens. While recent methods have explored token prun-
ing [20L24], keyframe selection [31], and memory-augmented frameworks [16] to
alleviate this token explosion, efficiently bridging the gap between multimodal
inputs and complex reasoning in long contexts remains a significant challenge.

2.2 General and Long Video Understanding Benchmarks

Benchmarks act as the compass for model development. Early evaluations pri-
marily assessed fundamental perception capabilities on short clips [33}[35][37,
40,/43]. As models progressed, the community introduced benchmarks target-
ing sophisticated reasoning, comprehensive short-clip abilities, Chain-of-Thought
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Fig. 2: The Taxonomy and Data Distribution of Video-HolmesV2. (a) Our Hierarchi-
cal Taxonomy bridges foundational Perception (inner rings) with high-order Reason-
ing (outer rings), uniquely emphasizing Causal, Counterfactual, and Thematic logic.
(b) The Statistical Distribution validates this design, revealing a balanced com-
position across four major reasoning pillars (= 25% each), ensuring the benchmark
evaluates diverse cognitive capabilities without category bias.

(CoT), and academic domain knowledge . To assess temporal
coherence and memory retention, datasets like MovieChat-1K , EgoSchema ,

LVBench [30], Video-MME [11], and LongVideoBench have extended evalu-
ations to hour-long sequences. Concurrently, in the realm of multi-modal percep-
tion, benchmarks like AVQA and Music-AVQA have integrated audio
cues. However, existing long-video benchmarks often treat audio as a secondary
modality, while audio-visual datasets are largely confined to short durations.
More importantly, they do not strictly require models to substantiate their an-
swers with precise spatio-temporal evidence, a gap highlighted by recent calls for
process-level annotation . Video-HolmesV2 directly addresses this by
introducing a benchmark centered on omni-modal, event-based reasoning over
truly long durations.

3 Benchmark Construction.

3.1 Initial Video Collection and Technical Curation

Our data construction begins by collecting 3704 high-quality, post-2024 cine-
matic videos (ranging from 10 to 150 minutes) to evaluate genuine zero-shot
capabilities and prevent data contamination. We prioritize visually and acous-
tically rich narratives (e.g., award-winning shorts, episodic series, movies) while
systematically excluding unimodal-dominant or causally sparse genres, such as
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news reports and sports matches. Detailed duration stratification and engage-
ment thresholds are provided in Appendix A.

Multi-Dimensional Analyzability Assessment. To rigorously quantify the
multimodal reasoning potential of the filtered candidates, we employ a consor-
tium of state-of-the-art native MLLMs (e.g., Gemini 3 Pro, GPT-5.2, Qwen3-
VL-235B-A22B-thinking) to evaluate each video. Specifically, videos are scored
on a scale from 1 to 10 across five core dimensions:

1. Audio-Visual Complementarity: The strict necessity of synthesizing both
visual and auditory channels, ensuring neither modality is sufficient in isolation.
2. Cross-Modal Causal Complexity: The depth of multi-hop cause-and-
effect chains that inextricably span across modalities and time.

3. Dynamic Character Arc: The meaningful evolution of key entities over
time, evidenced concurrently by visual changes and auditory shifts.

4. Narrative Coherence: The structural integrity and logical consistency of
the storyline, filtering out videos with disjointed editing or fallacies.

5. Audience Critical Reception: A meta-metric gauging narrative depth
based on whether the video provokes high-quality intellectual discussion. A com-
prehensive elaboration of these criteria and the hierarchical processing strategy
for ultra-long sequences can be found in Appendix A.

Quantitative Curation and Stratification. To synthesize the multi-dimensional
assessments into a robust decision, we implement a rigorous three-stage quantita-
tive pipeline. This process filters low-quality content, enforces strict multimodal
dependencies, and identifies high-difficulty samples based on model uncertainty.
1. Bias Mitigation via Z-Score Normalization. Different VLMs exhibit
intrinsic scoring biases (e.g., varying scales of leniency). To mitigate this, we
standardize the raw score x4, of model 7 on dimension d to a Z-score via z4; =
(@4, — ;) /o;. This step aligns the evaluator distributions, ensuring the selection

is driven by relative ranking rather than absolute score artifacts.

2. Priority-Weighted Aggregation with Modality Veto. We derive a uni-
fied Analyzability Score (Sana1) via a weighted aggregation of the normalized
dimensions. We assign higher importance weights (wq) to Audio-Visual Comple-
mentarity and Cross-Modal Causal Complexity to emphasize reasoning:

1 N
Sfnal = {éwd . (N ;Zd,q‘) . (1)
Crucially, to prevent the inclusion of “high-quality but single-modality” videos,
we enforce a Modality Veto. Regardless of the total Sgpa), any video scoring
below a specific threshold (z < —0.5) in the Audio-Visual Complementarity
dimension is automatically discarded.

3. Uncertainty-Driven Data Stratification. To quantify evaluator consensus
and highlight narrative ambiguity, we define a Divergence Score (Dyideo) as
the arithmetic mean of the standard deviations across all dimensions:

1 YN (zai — 2a)?
Dyideo = — » =a=lrer Tl 2
Tl N ®
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Fig. 3: The Scalable Annotation and Quality Control Pipeline. Our construc-
tion process integrates native long-context MLLM generation with rigorous human-
in-the-loop verification. The pipeline moves from (1-3) diverse sourcing and stratified
question generation to a strict (4-6) multi-stage validation protocol. A critical innova-
tion is step (4) Cross-VA Testing, which acts as a “Unimodal Trap” to automatically
discard questions solvable by audio or vision alone, ensuring that every sample in
Video-HolmesV?2 strictly enforces multimodal interdependence. Finally, expert review
(6) adjudicates hard negatives to guarantee logical determinism.

A high Dy;4eo indicates significant SOTA model disagreement. Instead of a fixed
arbitrary threshold, we define an adaptive high-divergence cutoff 74;, = up+op
to statistically flag the top ~ 16% most controversial samples. Consequently,
videos are strictly categorized into: (1) Core Set (Sgnal > 0, Dyideo < Tdiv); (2)
Rejected (Sana < 0 or Vetoed); and (3) Hard Candidates (Dyideo > Tdiv)-
These high-variance candidates are directly routed to expert human review for
further adjudication.

3.2 Scalable Annotation via Native Long-Context Understanding

As illustrated in Fig. we propose a unified annotation pipeline leveraging
native long-context MLLMs. Unlike traditional clip-based methods, we process
complete narrative streams to capture long-range dependencies. The workflow
comprises four rigorous phases, with detailed process provided in Appendix A.1.
Phase 1: Stratified Question Generation (Fig. Step 3). Recognizing vary-
ing narrative complexities, we employ a length-differentiated strategy: direct
Constraint-Based Prompting for short films, Contextual Priming via injected
lore for episodic series, and Comment-Driven Inverse Reasoning for feature films.
Crucially, the models are constrained to output not only the complex QA pairs
but also explicit grounded spatio-temporal audio-visual evidence.
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Phase 2: The “Unimodal Trap” Blind Filtration (Fig. [3| Step 4). To
strictly enforce multimodal reasoning, we introduce an adversarial filter. Gen-
erated QA pairs are evaluated against ablated Visual-Only (silent frames) and
Audio-Only (subtitles) inputs. Any question solvable by a single modality with
high confidence is automatically discarded as a “pseudo-multimodal” instance.
Phase 3: Segment-Level Cross-Verification (Fig. Step 5). We isolate
the specific narrative segments containing the proposed evidence and deploy a
diverse consortium of reasoning-heavy SOTA models as validators. A sample is
retained only if a majority consensus is reached on both the correct answer and
the precise evidence timestamps (Intersection over Union > 0.75).

Phase 4: Expert Adjudication for Hard Negatives (Fig.[3| Step 6). Sam-
ples where the automated ensemble disagrees or fails are routed to a Double-
Blind Expert Review. Specialists independently assess whether the failure stems
from model hallucination or genuine, deep logical complexity. Validated sam-
ples from this queue are salvaged to form the Hard Subset of our benchmark,
representing the upper bound of current Al reasoning capabilities.

4 Evaluation Metrics

We introduce a comprehensive evaluation protocol that moves beyond rigid
thresholding to jointly assess multiple-choice reasoning accuracy and spatio-
temporal grounding quality in long videos.

4.1 Answer Accuracy (Acemeq)- The correctness of the reasoning conclusion
is binary. For a chosen option § and ground truth y:

ACCMCQ = H(?J = y) (3)

4.2 Evidence Quality (Sevidence). Measuring evidence quality in long videos
is challenging due to variable event durations. We propose a robust metric that
combines length-adaptive temporal alignment with semantic matching.

1. Temporal Soft Alignment (Siemp). To accommodate systematic temporal
drift (74rif¢ = avg duration*0.05) while severely penalizing duration mismatch,
we formulate a soft score that multiplies a length-similarity ratio by a Gaussian
decay. For a predicted interval p and ground-truth g with lengths L.y and centers

C():

(4)

Sen(prg) = ( min(Ly, Ly) ) exp <_ max(0, | C(p) = C(g)ll - rwn"‘)

max(Ly, Lg) 2 (0gauss - Lg)?
where agquss = 0.5. The Gaussian factor elegantly absorbs minor localization
shifts within 74.;r¢+, while the leading ratio strictly enforces structural consis-
tency. To handle fragmented outputs, we coalesce proximal predictions (gap
< 7) into unified spans P.. Following bipartite matching with ground-truths,
the temporal score is strictly prediction-centric: Stemp = ﬁ ZpE'PC Sraw(Ps g).
Unmatched predictions score zero to penalize hallucinations. Crucially, since log-
ical deduction often requires only partial clues, unretrieved ground-truths are not

penalized here; this recall penalty is inherently deferred to Ssep-
2. Semantic Matching (Ssem ). Beyond mere temporal overlap, models must
accurately identify causal events. Thus, we utilize Qwen3-235B-A22B-Thinking
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to evaluate semantic equivalence exclusively for temporally intersecting predic-
tions (Stemp > 0). Since complex reasoning often requires only a subset of clues,
we apply the Fj 5 score (weighting precision twice over recall) to heavily penalize
hallucinations while tolerating partial, sufficient evidence:

Psem - Rsem

Seem = (1 +0.5%) . ——=em _—sem
( ) 0.52 - Psemn + Rsem

(5)
4.3 Overall Performance (Siota1). The final score enforces a strict depen-
dency between the answer and evidence. We first combine the temporal and
semantic scores into a unified evidence metric:

Sevidence = Qewi * Stemp + (1 - aem’) - Ssem (6)

where a.,; = 0.5 balances temporal precision and semantic correctness. The
total performance score is then defined as:

Stotal = )\1 . ACCMCQ + )\2 . (ACCMCQ . Sevidence) (7)

We strictly set weights A; = 0.6 and Ay = 0.4. The conditional term (Acemcq -
Sevidence) €nsures evidence quality is only rewarded when the final answer is
correct, effectively penalizing ungrounded guessing.

5 Method

5.1 Lightweight Text-Guided Visual Scoring. Long-form video under-
standing entails processing an exorbitant number of visual tokens, rendering the
direct application of massive MLLM computationally prohibitive. To efficiently
identify query-relevant visual signals before heavy autoregressive decoding, we
introduce a lightweight, rank-supervised token selector (Qwen2.5 0.5B) distilled
from a large-scale teacher model (Qwen2.5-VL 72B).

Given a textual query ¢ and a sequence of visual tokens V = {v1,va,...,vn},
our goal is to compute a text-guided relevance score Siez: € RY. Prior studies
indicate that intermediate transformer layers in VideoLLMs exhibit the high-
est semantic alignment between text queries and visual features. Therefore, we
extract the cross-modal attention from a designated reference layer L,.; of the
teacher model. For the i-th visual token, the teacher’s semantic relevance score

r:ef is defined by averaging the attention weights across all H heads:

H
1 (Lyessh)

ref z : A ref

" H = o (8)

where A,(JL_L“;{ ") denotes the attention weight from the query tokens to v;. To
circumvent the prohibitive computational cost of the teacher model during in-
ference, we train a shallow, lightweight selector to predict these relevance scores,
denoted as t = [fq,...,7n]. Instead of minimizing the absolute mean squared
error, we optimize the ranking consistency between the student and the teacher
using a Spearman Rank Correlation Loss. The training objective is:

N (R(r}) = R™T)(R(74) — R)

Lrank =1 — =
JEN L RGTT) — Rrel)? SN (R(r,) - R)?

9)
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Fig. 4: The Audio-Text Guided Token Compression Framework. We fuse text-guided
subjective intent (Siext) with audio-guided objective cues (Saudio) to dynamically as-
sess visual importance. A Stratified Compression strategy then preserves fine-grained
evidence in the Core Set while aggressively pooling the Background Set to maximize
context efficiency.

where R(-) denotes the continuous approximation of the ranking function via
differentiable sorting, and R is the mean rank. Once trained, this lightweight
selector efficiently outputs the text-guided visual score Sy = T, serving as
the top-down semantic prior for our subsequent dual-stream compression. More
details in Appendix C.1.

5.2 Training-Free Audio-Guided Visual Scoring. To capture crucial out-
of-view or transient auditory events often omitted by text queries, we introduce
a complementary, training-free audio-guided scoring mechanism that anchors

visual] tokens to salient acoustic cues.

The process consists of two stages: intra-modal audio filtering and cross-
modal saliency propagation. Given the raw audio tokens A € RN«*4 extracted
by the audio encoder, we first identify the most informative audio anchors. Since
continuous background noise provides marginal semantic value, we leverage the
intrinsic self-attention matrix M € R™a*Na from the final layer of the audio en-
coder. The saliency of the j-th audio token is quantified by the average attention
it receives from all other audio tokens:

NONSES % My, (10)
a Nu. = 2J

We select the top-K, (e.g., K, = 2048) tokens with the highest s, to form a

compact set of salient audio anchors A € R¥axd,

Subsequently, we project this acoustic saliency into the visual domain. For
each visual token v; € V, we compute its cross-modal semantic alignment with
the salient audio anchors using normalized cosine similarity. The audio-guided
(@)

visual score S, .

is determined by its maximum similarity to any of the audio
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anchors:

. 'U"d'
S(l). = max <4> 11
wudio = 2% Torllalas o (11)

where a; € A. By employing the max-pooling operation over the audio di-
mension, Squgic € R effectively highlights specific visual regions that syn-
chronously align with transient auditory peaks, serving as an indispensable coun-
terpart to the text-guided scores. More details in Appendix C.2.

5.3 Dual-Stream Fusion and Differentiated Compression. The text-
guided score Siey ¢+ and audio-guided score S,,4i0 capture subjective intents and
objective transient events, respectively. To construct a holistic importance met-

ric, we perform normalization on both scores, denoted as Siep: and Sgudio, and
compute the final fused score:

Sfinal = Qfuse - Stewt + (1 — A fuse) - Saudio (12)

where afyse € [0, 1] balances the bimodal influences (empirically set to 0.7).

Given a strict sequence length budget Bys (e.g., Byis = 8192) for the LLM, a
naive Top-B,;, truncation based on S¢;yq; suffers from high semantic redundancy
and a complete loss of macro-context. To address this, we propose a Masked
Differentiated Compression strategy. We first generate a binary spatial-temporal
mask M € {0, 1}T*H*W by thresholding the Top-B,;s tokens of Stinal- Tokens
with M = 1 constitute the Core Set C, while those with M = 0 form the
Background Set B.

Intra-Set Fine-Grained Compression. The Core Set C contains semanti-
cally dense but visually redundant tokens (e.g., homogeneous sky patches scoring
high). We apply a masked spatio-temporal merging operation exclusively within
C. For spatially or temporally adjacent tokens v;,v; € C, if their visual feature co-
sine similarity exceeds a predefined threshold 7,44, they are merged into a single
token. The fused visual feature is computed via average pooling, while its im-
portance score inherits the maximum value: Sj(tmwl) = max(S o s ). This

ina final’ ™ final
ensures that visual fidelity is preserved without diluting the semantic saliency.
This fine-grained deduplication reduces the size of C from By;s to n (n < Bys),
dynamically freeing up a token quota R = B,;s — n.

Extra-Set Aggressive Scavenging. The liberated quota R is utilized to
rescue discarded tokens from the Background Set B, reinstating macro-context.
If R > 0, we retrieve the top M x R tokens from B based on Sfinai, where
M is the aggressive compression ratio (e.g., M = 4). Since background elements
primarily provide global atmosphere rather than fine-grained details, we perform
aggressive M:1 pooling on these tokens to strictly fit them into the R budget.

Sequence Reassembly. Finally, the n highly-concentrated core tokens and
the R macroscopic background tokens are concatenated. By strictly preserving
their original spatio-temporal positional embeddings during merging, the recon-
structed B,;s-token and top-K, audio token sequence retains integral causal
and spatial structures for the LLM’s autoregressive decoding. More details in
Appendix C.3.
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Perception Reasoning

Model Overall

Obj. Scn. Spa. Tem. Ave. | Intra Inter Count. Them. Ave.
Proprietary Models
GPT-4o0 52.1 60.2 654 46.7 56.1 | 43.5 40.2 50.1 51.8 464 46.9
Gemini-2.5-Flash 63.5 68.2 714 649 67.0 | 635 628 66.4 68.1  65.2 65.3
Gemini-2.5-Pro 74.3 77.3 81.8 70.6 75.8|71.5 70.8 74.6 75.5 T73.1 73.2
Open Source Models
Qwen3-VL-4B 38.7 43.6 723 333 473 | 25.0 20.7 28.3 34.2 27.0 28.0
Qwen2.5-VL-7B 30.7 56.4 46.8 389 419 | 373 312 40.7 42.7 379 38.1
Qwen3-VL-8B 33.8 56.4 75.1 352 495 | 373 313 41.6 46.2 39.0 39.5
Qwen2.5-VL-32B 43.6 539 70.2 444 527 | 41.0 37.1 46.7 479 432 43.6
MiniCPM-V-4.5 38.7 23.1 51.1 389 386 | 43.8 43.0 48.7 54.3 474 47.0
InternVL3-8B 48.2 525 604 39.5 506 | 443 43.5 51.1 53.8  48.0 48.1
Qwen3-VL-30B-A3B 49.5 58.2 62.8 45.2 53.7 | 42.2 41.8 52.2 56.1 48.1 48.4
Qwen3-VL-32B 43.1 66.5 73.2 37.8 544 | 443 42.1 55.3 55.8 494 49.6
Qwen2.5-VL-72B 43.6 51.3 723 41.7 522 | 44.8 42.7 56.5 57.3 50.1 50.2
Qwen3-VL-235B-A22B | 54.8 67.2 75.9 48.4 58.5 | 48.5 48.5 60.4 63.7 55.1 55.3
Qwen2.5-Omni-7B 339 59.0 532 278 429 | 40.7 356 43.0 43.1 40.6 40.7
Ours 371 66.7 59.6 25.0 46.7 | 42.7 384 47.7 48.8  44.4 | 44.5 (1 3.8)

Table 2: Comprehensive Benchmark Results for Perception and Reasoning. The final
Overall score is strictly weighted by the sample size of each module. Models are sorted
by their final weighted Overall score within their categories. The best scores among
proprietary and open-source models are highlighted in bold, respectively.

6 Experiment

6.1 Experimental Settings

Evaluation Setup. To establish a comprehensive baseline, we evaluate both
closed-source frontier models (GPT-40, Gemini) and recent open-source models
(Qwen series). The open-source evaluations are deployed using the MS-SWIFT
framework on 2 x H20 GPUs. For generation hyperparameters, we set the tem-
perature to 0.01 to ensure deterministic reasoning, and crucially expand max to-
kens to 8192. This extended context allows models sufficient generation capacity
to output detailed visual and acoustic evidence descriptions without truncation.
Training Implementation. For our token compression method, we evaluate on
standard long-video benchmarks (e.g., VideoMME, WorldScene), strictly align-
ing our evaluation protocol with OmniZip |27] for fair comparison. Our token
selector is trained on 4 x H20 GPUs with a total batch size of 8 and a learning
rate of 1 x 1075, The training data comprises 50K long-duration samples, ran-
domly selected from the longest videos within the LLaVA-Video-178k dataset.

6.2 Main Results on Video-HolmesV?2

Tab. [2| presents the comprehensive evaluation of state-of-the-art MLLMs on our
Video-HolmesV2 benchmark.
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Reasoning (MCQ Accuracy %) Evidence (Score)
Model Overall
Intra  Inter Count. Them. Ave. | Intra Inter Count. Them. Ave.

Open Source Models

Qwen3-VL-235B-A22B | 485 485 604 637 551 | 72 65 9.8 105 85 | 349
Proprietary Models

Gemini-2.5-Flash 63.5 62.8 66.4 68.1 65.2 26.5 25.8 30.2 32.1 28.6 46.6
Gemini-2.5-Pro 71.5 70.8 74.6 75.5 73.1 | 33.2 31.5 36.8 39.4 35.2 54.2

Table 3: Comparison between Multiple-Choice Reasoning Accuracy and Evidence
Score. The Overall score is calculated as Siotal = 0.6 Acencq—+0.4- (Acemcq Sevidence)
strictly penalizing models that fail to provide correct evidence for their choices. The
best scores in each column are highlighted in bold.

1. The Capability Gap and Proprietary Dominance. There remains a sub-
stantial performance gap between proprietary and open-source models. Gemini-
2.5-Pro emerges as the state-of-the-art, achieving the highest overall accuracy
(73.2) and demonstrating robust consistency across all Perception and Reason-
ing sub-categories. Among the open-source community, the massive Qwen3-VL-
235B-A22B establishes the frontier baseline with an overall score of 55.3, yet it
still lags significantly behind the leading closed-source counterpart. Interestingly,
GPT-4o struggles on our benchmark (46.9). We attribute this primarily to its
restrictive input constraints (capped at 50 sampled frames). In long-form nar-
ratives requiring dense, multi-timestamp audio-visual integration, such extreme
sparse sampling inevitably misses fleeting critical evidence and severs long-range
causal chains, rendering it ineffective for video reasoning.

2. The Perception-to-Reasoning Degradation. The sub-module breakdown
exposes a sharp cognitive cliff in smaller open-source models. For instance,
Qwen3-VL-4B achieves a reasonable 47.3 in foundational Perception but col-
lapses to 27.0 in higher-order Reasoning. This indicates that while basic spatio-
temporal recognition is improving, bridging these observations into multi-hop
causal chains over long sequences remains a profound bottleneck.

3. Superior Efficiency of Our Approach. Notably, our framework (Ours,
44.5) effectively outperforms parameter-heavy models (e.g., Qwen2.5-VL-32B,
43.6) and omni-models (Qwen2.5-Omni, 40.7). Despite severe token compression,
its strong performance—particularly in Scene and Thematic reasoning—proves
that our Audio-Text Guided strategy successfully preserves critical macro-context
and micro-evidence without token explosion.

4. Severe Degradation over Extreme Contexts. Tab. 10 reveals a universal
vulnerability: reasoning accuracy degrades significantly as video length increases.
The leading Qwen3-VL-235B-A22B drops sharply from ~ 70 on Short videos to
below 45 on Ultra-long movies, where it is even outperformed by smaller models
like Qwen2.5-VL-72B. This proves that simply scaling up parameters cannot re-
solve "attention dilution" in massive contexts, highlighting the critical necessity
of our efficient token compression method (detailed analysis in Appendix D.2).
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AVUTBench VideoMME ShortVid-Bench

Method Retained Ratio Avg. Ratio
EL OR OM IE CC CM Avg. wo Avg. Score
Qwen2.5-Omni-7B
Full Tokens 100% 38.2 67.8 59.6 85.6 44.1 66.7 64.5 66.0 70.5 100%
Random 40% 31.7 58.5 53.3 74.9 43.2 59.0 56.9 65.0 67.7 94.3%
Random 55% 38.2 64.9 55.6 80.1 34.7 65.0 61.0 65.4 68.3 96.9%
FastV 35% 24.1 60.7 54.3 81.6 40.7 58.3 57.8 - 67.9 93.8%
FastV 50% 34.1 64.3 57.1 77.6 36.4 56.4 58.4 - 68.0 94.3%
DyCoke (V&A) 35% 32.9 62.1 54.9 74.5 39.0 58.3 57.4 65.2 68.0 94.7%
DyCoke (V&A) 50% 38.8 67.2 58.2 81.9 39.0 62.4 62.0 65.5 68.5 97.5%
OmniZip 35% 34.1 67.5 54.6 83.7 42.4 61.2 61.0 66.1 69.0 97.6%
OmniZip 45% 38.4 67.2 56.9 85.3 42.4 66.0 63.0 66.3 69.9 99.1%
Ours 37.8 68.5 61.2 85.0 46.3 68.2 65.5 67.8 70.8 101.5%

Table 4: Performance on AVUTBench, VideoMME, and ShortVid-Bench.

Tech & Culture & Daily Film &
Science Politics Life TV

Qwen2.5-Omni-7B

Method Retained Ratio Perform. Games Sports Music Avg.

Full Tokens 100% 52.4 50.1 48.5 44.6 43.8 41.6 41.6 47.3 46.8
Random 55% 47.1 47.0 44.4 412 40.0 40.1  40.1 46.3 43.6
FastV 50% 48.8 47.4 44.2 441 41.2 383 40.0 46.6 44.3
DyCoke (V&A) 50% 48.4 49.9 46.7 41.4 39.9 40.8 40.2 46.5 44.6
OmniZip 35% 48.3 49.5 47.6 425 40.1 40.2 423 46.3 45.3
Ours - 51.5 50.5 48.8 45.1 42.5 41.9 42.8 47.6 47.2

Table 5: Detailed performance across different categories on WorldScene.

6.3 The Illusion of Accuracy: Why Evidence Matters.

Tab. [3| shows Multiple-Choice (MCQ) accuracy with spatio-temporal evidence-
aware capabilities (smaller models are excluded due to near-zero evidence scores).
A striking paradox emerges with Qwen3-VL-235B-A22B: despite a respectable
55.1 MCQ accuracy, its Evidence score collapses to 8.5. This exposes a crit-
ical flaw in traditional evaluations: the model’s performance is largely an il-
lusion. It relies heavily on parametric memory to guess answers but halluci-
nates the spatio-temporal proof. Conversely, Gemini-2.5-Pro shows health-
ier reasoning-grounding synchronization (Evidence 35.2). By strictly computing
Stotal to penalize ungrounded guessing, our benchmark evaluates epistemic hon-
esty—ensuring models genuinely deduce from video facts rather than exploiting
statistical priors (More experiments in Appendix D).

6.4 Results on Other Benchmarks.

As shown in Tab. [d] our method using Qwen2.5-Omni-7B not only outperforms
recent compression baselines but remarkably surpasses the uncompressed Full
Tokens baseline (101.5% relative performance). This proves our bimodal selec-
tion acts as a powerful noise filter to prevent attention dilution. Crucially, un-
like ratio-based methods that still suffer from token explosion on long videos,
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Token Combinations

Comb 1 Comb 2 Comb 3 Ours (Best) Comb 5 Full

TGC AGC DSFDC VideoMME WorldScene ~ Settings
x X 66.0 46.8

X
v X X 67.0 46.5 Visual Tokens 4096 4096 8192 8192 12288 -
X v X 63.3 45.1 Audio Tokens 1024 2048 1024 2048 4096 -
v v X 67.4 6.9
v v v 67.8 47.2 VideoMME 66.5 66.7 67.4 67.8 67.6 66.0

WorldScene ~ 45.7 462 46.9 47.2 473 46.8
Table 7: Ablation on Token combinations. The
8192/2048 setting achieves the optimal balance.

Table 6: Ablation study of
components (Text-Guided, Audio-
Guided, Dual-Stream Compress).

our framework operates on a fixed token budget. While matching OmniZip’s
~ 40% retention under a standard 128-frame setting, our fixed-budget design
uniquely scales to massive frame counts without memory bottlenecks. This ro-
bust superiority generalizes across diverse genres (Tab. . Our approach achieves
SOTA scores across all eight WorldScene categories, yielding a 47.2 average that
again beats the Full Tokens baseline (46.8). This confirms our dual-stream scor-
ing seamlessly adapts to varying narrative paces, enhancing global understanding
despite extreme token reduction.

6.5 Ablation Study

Effectiveness of Key Components. Tab. [f] isolates module contributions.
Using Audio-Guided Compression (AGC) alone degrades performance by dis-
carding silent yet critical visual frames. However, fusing it with Text-Guided
Compression (TGC) boosts VideoMME from 67.0 to 67.4. Finally, adding Dual-
Stream Fusion and Differentiated Compression (DSFDC) achieves the optimal
67.8, proving that deduplicating core tokens while preserving background con-
text massively outshines naive hard-pruning.

Optimal Token Allocation. Tab.[7]examines token budgets. Accuracy steadily
improves as budgets scale up to our default 8192 visual and 2048 audio tokens.
Crucially, expanding further (12288 visual / 4096 audio) actually causes a slight
performance drop. This empirically validates the "attention dilution" issue: ex-
cessive tokens reintroduce background noise and distract reasoning. Thus, the
8192/2048 setting strikes the balance between reasoning accuracy and compu-
tational efficiency.

7 Conclusion

We introduce a novel audio-visual benchmark for extreme-length videos, along-
side a Spatio-Temporal Evidence-Aware Evaluation protocol to rigorously assess
fine-grained multimodal reasoning. We observe that massive token counts in long
videos severely overwhelm MLLM context limits, causing attention dilution and
the loss of critical details. To address this, we propose a Audio-Text Guided To-
ken Compression framework. By prioritizing the retention of crucial audio-visual
tokens within a fixed budget, our method effectively filters redundancy, allowing
models to remarkably surpass uncompressed full-token baselines.
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