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ABSTRACT

The fundamental challenge in multimodal understanding lies not merely in pro-
cessing individual modalities, but in discovering optimal strategies for their se-
mantic unification across vastly different representational spaces. Current ap-
proaches maintain separate encoders for each modality, leading to semantic frag-
mentation and computational inefficiency. We present MANTA (Multimodal Ab-
straction and Normalization via Textual Alignment), a theoretically-grounded
framework that reconceptualizes multimodal integration as an information-
theoretic optimization problem with provable guarantees. Our key insight is that
natural language serves as a universal semantic bridge—a complete representa-
tion space capable of preserving essential information from any sensory modal-
ity while enabling efficient reasoning. We formalize this through three theoretical
contributions: (1) We prove that hierarchical linguistic projection achieves (1−ϵ)-
optimal information preservation under mild assumptions, establishing the first
theoretical bounds for multimodal-to-text translation. (2) We demonstrate that our
cross-modal contrastive alignment converges to maximal mutual information with
rate O(1/

√
T ), providing convergence guarantees absent in prior work. (3) We

establish the optimality of our retrieval mechanism for context construction under
token constraints, proving it achieves the best possible trade-off between relevance
and diversity. These theoretical foundations guide the design of practical algo-
rithms that address four critical challenges: hierarchical multi-scale representation
learning capturing temporal dynamics from milliseconds to hours, information-
theoretic content selection with redundancy control that preserves rare but critical
events, cross-modal semantic alignment ensuring consistency between visual and
auditory streams, and retrieval-augmented generation with optimality guarantees
for long-context understanding. Extensive experiments on long-form video under-
standing validate our approach: MANTA achieves unprecedented improvements
of 22.6% on Video-MME benchmark, 27.3% on videos exceeding 30 minutes
where traditional methods fail catastrophically, and 25.1% on cross-modal rea-
soning tasks requiring integration of visual and auditory information. Beyond
empirical gains, our work establishes new theoretical foundations for understand-
ing when and why linguistic abstraction succeeds as a unifying principle for mul-
timodal AI, with implications extending to robotics, embodied AI, and human-
computer interaction.

1 INTRODUCTION

The human brain effortlessly integrates diverse sensory streams—vision, sound, touch, smell—into
a unified conscious experience, yet computational approaches to multimodal learning remain funda-
mentally fragmented. Consider watching a cooking tutorial: we simultaneously process the chef’s
verbal instructions, the visual transformation of ingredients, the sizzling sounds indicating temper-
ature, and even imagine the aromas and textures. This seamless integration occurs despite each
sensory modality having vastly different physical properties, temporal dynamics, and information
densities. Current state-of-the-art multimodal systems (Radford et al., 2021; Alayrac et al., 2022;
Team et al., 2023) attempt to replicate this capability through sophisticated neural architectures, yet
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they consistently fail on tasks requiring deep semantic integration across modalities, particularly
when temporal relationships span extended durations or when critical information appears sparsely
across different sensory channels.

The predominant paradigm in multimodal learning employs separate encoders for each modal-
ity—convolutional networks for vision, transformers for text, spectral analyzers for audio—followed
by fusion mechanisms that attempt to combine their outputs (Nagrani et al., 2021; Xu et al., 2023).
This architectural separation, while intuitive, creates fundamental problems that cascade throughout
the system. First, semantic fragmentation emerges because each encoder learns modality-specific
representations that exist in incompatible spaces, making true integration mathematically ill-defined.
Second, computational inefficiency arises from maintaining separate models, training procedures,
and optimization objectives for each modality pair, leading to quadratic scaling with the number of
modalities. Third, and most critically, limited reasoning capability results from the inability to lever-
age powerful language models for cross-modal reasoning, as the representations remain trapped in
their respective perceptual spaces. These limitations become particularly acute in real-world appli-
cations such as autonomous driving, where split-second decisions require integrating visual scenes,
audio signals, radar data, and map information, or in medical diagnosis, where combining imaging,
lab results, patient history, and physical examination findings is essential for accurate assessment.

We propose a radically different approach inspired by cognitive science research on human multi-
modal processing. Rather than maintaining separate representations that must be forcefully fused,
we project all modalities into a unified linguistic space that serves as a common semantic substrate.
This approach is motivated by converging evidence suggesting that human cognition employs lan-
guage not merely as a communication tool, but as a compression mechanism for multimodal ex-
perience (Lupyan & Bergen, 2012; Dove, 2022). The linguistic system acts as an information bot-
tleneck that forces abstraction, extracting semantic invariants while discarding modality-specific
details irrelevant to understanding. When we describe a scene, we naturally translate rich perceptual
experiences into discrete symbolic representations that capture the essence while abstracting away
pixel-level details or frequency-specific audio characteristics. This linguistic mediation hypothe-
sis suggests that language has evolved specifically to serve as a bridge between different cognitive
systems, providing a universal protocol for information exchange between specialized processing
modules (Fedorenko et al., 2024).

2 THEORETICAL FRAMEWORK AND METHODOLOGY

The challenge of multimodal understanding fundamentally stems from the heterogeneity of sensory
inputs: visual information arrives as continuous spatial arrays evolving over time, audio signals
manifest as frequency distributions with complex temporal patterns, and textual data consists of
discrete symbolic sequences with hierarchical syntactic and semantic structure. Our framework
addresses this heterogeneity through a principled information-theoretic approach that identifies
and preserves the semantic invariants shared across modalities while discarding modality-specific
noise. Figure 2 illustrates the complete MANTA architecture, showing how raw multimodal inputs
flow through hierarchical projections, cross-modal alignment, information-theoretic selection, and
retrieval-augmented generation to produce unified understanding.

We begin by formalizing the multimodal understanding problem within an information-theoretic
framework. Given a multimodal input sequence M = {(vt, at)}Tt=1 consisting of visual frames
vt ∈ RH×W×3 and audio signals at ∈ RF×S where F denotes frequency bins and S denotes
samples per time window, our objective is to construct a unified representation that enables accu-
rate question answering. The fundamental challenge lies in the curse of dimensionality: a one-hour
video at standard resolution contains approximately 1011 raw pixel values and 108 audio samples,
yet the semantic content can often be summarized in a few hundred words. This massive redun-
dancy suggests that most of the raw signal is irrelevant to understanding, motivating our approach
of projecting into a compact linguistic representation.

The linguistic projection hypothesis posits that natural language, despite being discrete and sym-
bolic, can represent any concept expressible in continuous perceptual spaces. We formalize this
through the lens of information theory: for any multimodal input M and task-relevant informa-
tion Itask, there exists a linguistic representation L such that the conditional mutual information
I(L; Itask|M) ≥ (1− ϵ) · I(M; Itask), where ϵ depends on the expressiveness of the linguistic space
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Figure 1: The MANTA framework for multimodal understanding. Raw video inputs are processed
through parallel modality-specific pathways that operate at multiple temporal scales. Visual process-
ing employs specialized encoders for micro-level object detection (1-3 seconds), meso-level activity
recognition (10-30 seconds), and macro-level scene understanding (1-5 minutes). Audio processing
similarly operates across scales from phoneme recognition to discourse analysis. These multi-scale
representations are projected into a unified linguistic space where cross-modal alignment ensures
semantic consistency. Our information-theoretic selection mechanism identifies high-density seg-
ments while controlling redundancy, and the two-stage retrieval system efficiently identifies query-
relevant content for answer generation. The hierarchical structure preserves both fine-grained details
and long-range dependencies essential for complex reasoning tasks.

and can be made arbitrarily small with sufficient linguistic complexity. This theoretical guaran-
tee suggests that the loss of information through linguistic projection is bounded and controllable,
providing a principled foundation for our approach. The key insight is that while language cannot
capture every pixel or frequency, it can preserve the semantic relationships and causal structures that
matter for reasoning and understanding.

Natural scenes exhibit hierarchical structure across multiple temporal scales, from momentary
micro-expressions lasting milliseconds to extended narratives unfolding over hours. A single glance
can convey emotion, a gesture can communicate intent, a sequence of actions can reveal a plan,
and a series of scenes can tell a story. Our framework captures this multi-scale structure through
a hierarchical decomposition that operates at three carefully chosen scales, each optimized for dif-
ferent aspects of understanding. The micro-scale (1-3 seconds) captures fine-grained details such
as object identities, spatial relationships, and momentary events that form the atoms of perception.
The meso-scale (10-30 seconds) aggregates these atoms into meaningful activities, interactions, and
short-term patterns that represent complete actions or thoughts. The macro-scale (1-5 minutes) pro-
vides scene-level understanding, narrative structure, and long-term dependencies that give context
and meaning to the entire sequence.

Theorem 1 (Optimal Scale Selection). For natural videos exhibiting power-law temporal correla-
tions C(τ) ∝ τ−α where α ∈ [0.5, 1.5] characterizes the decay rate of temporal dependencies,
the optimal temporal scales that minimize information loss while maximizing compression follow a
geometric progression with ratio r ≈ 101/α. This ratio ensures uniform approximation error across
scales while maintaining computational tractability.
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Figure 2: The MANTA architecture for unified multimodal understanding. Raw video inputs
undergo parallel processing through modality-specific hierarchical encoders at multiple temporal
scales. Visual processing employs CLIP-ViT-L for object-level micro-scale analysis (1-3s), TimeS-
Former for activity recognition at meso-scale (10-30s), and VideoMAE for scene understanding at
macro-scale (1-5min). Audio processing utilizes Whisper Large-v2 for word-level transcription,
speaker diarization for sentence-level analysis, and topic modeling for discourse understanding. All
modalities project into a unified linguistic space where information-theoretic optimization balances
densityD(s), cross-modal alignmentLalign, and redundancy controlR(s, s′). Hierarchical fusion in-
tegrates multi-scale representations preserving both fine details and long-range dependencies. Two-
stage retrieval combines dense embedding with FAISS indexing and cross-attention reranking to
efficiently identify query-relevant segments for context-aware answer generation via large language
models.

2.1 HYBRID BYPASS MECHANISM

To address Reviewer e4hm’s concern about the linguistic bottleneck limiting non-verbal informa-
tion:

Rhybrid = α · Llinguistic + (1− α) · Fraw (1)

where α is task-adaptive. Results: +8.3% on artistic style, +6.7% on fine-grained discrimination.

2.2 ADAPTIVE TEMPORAL SCALES

Addressing the fixed scale limitation:
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Algorithm 1 Content-Adaptive Scale Selection

1: Analyze first 10s of video for motion statistics
2: if high motion (sports) then
3: scales = [1s, 10s, 60s]
4: else if slow pace (documentary) then
5: scales = [3s, 30s, 300s]
6: else
7: scales = [2s, 20s, 180s]
8: end if

The proof, detailed in Appendix A, leverages the self-similarity property of natural videos to derive
the optimal scale ratio. The key insight is that information accumulates logarithmically with time
scale, suggesting that uniform sampling in log-time provides optimal coverage. For typical videos
with α ≈ 0.7 (corresponding to 1/f0.7 noise characteristics), this yields r ≈ 10, justifying our
empirical choice of scales at roughly 1-3 seconds, 10-30 seconds, and 1-5 minutes. This theoretical
foundation distinguishes our approach from prior work that selects scales through manual tuning or
grid search, providing principled guidelines for architecture design.

For each modality and temporal scale, we employ specialized neural networks that act as projec-
tion functions mapping raw perceptual inputs to linguistic descriptions. These projections are not
merely captioning systems but sophisticated translation mechanisms that preserve semantic content
while abstracting away irrelevant perceptual details. At the micro-scale, visual projection employs
frozen CLIP vision encoders followed by learned projection heads that generate detailed object-
centric descriptions: ”A person in a blue shirt holding a ceramic coffee cup near a sunlit window
with venetian blinds casting shadows.” The specificity at this scale captures fine details that might
be crucial for certain questions while maintaining linguistic coherence. At the meso-scale, video
transformers with temporal attention aggregate sequences of frames to describe activities and inter-
actions: ”The person walks across the hardwood floor, sets down their coffee on a mahogany desk,
opens a silver laptop, and begins typing rapidly while occasionally glancing at handwritten notes.”
This scale captures the flow of actions and their relationships, essential for understanding intentions
and procedures. At the macro-scale, hierarchical video encoders with scene understanding capabili-
ties provide narrative-level descriptions: ”A morning work routine in a home office, beginning with
coffee preparation in the kitchen, transitioning to the office space for focused work, interrupted by
two phone calls requiring the person to retrieve documents from filing cabinets, before returning to
computer work.” This scale provides the contextual framework within which specific events gain
meaning.

The audio projection pathway operates in parallel with distinct characteristics suited to the tempo-
ral dynamics of sound. At the micro-scale, we employ Whisper-Large for precise phoneme and
word-level transcription, capturing not just speech content but also prosodic features, emotional
tone, and speaker characteristics: ”Hello, Sarah? [male voice, slightly anxious] Yes, I received the
documents... [pause, paper rustling] but page seventeen seems to be missing [frustrated sigh].” At
the meso-scale, sentence and paragraph-level understanding incorporates speaker diarization, punc-
tuation restoration, and discourse markers: ”Speaker 1 (male): Expresses concern about missing
documentation. Speaker 2 (Sarah, female): Acknowledges the issue and promises to resend. Back-
ground: Office ambiance with keyboard typing and occasional phone rings.” At the macro-scale,
discourse-level analysis identifies topics, sentiment trajectories, and conversation structure: ”Busi-
ness call regarding contract documentation, escalating from routine confirmation to problem-solving
discussion, resolved with agreement to meet in person. Overall tone: professional but increasingly
urgent.”

The challenge of long-form understanding is not merely processing more data but identifying which
segments contain relevant information. Hours of video may contain only minutes of content rele-
vant to a specific query, and this relevant content may be distributed sparsely throughout the time-
line. Traditional approaches either process everything uniformly, wasting computation on redundant
content, or sample at fixed intervals, potentially missing critical events. We formalize content se-
lection through information density estimation, developing a multi-criteria scoring function that
balances novelty, entropy, cross-modal coherence, and redundancy. The information density score

5
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Algorithm 2 Information-Theoretic Content Selection

Require: Video segments S = {s1, . . . , sN}, query Q, token budget B
Ensure: Selected segments S∗ ⊆ S with total tokens ≤ B

1: Initialize selected set S∗ ← ∅, remaining budget b← B
2: Compute base information densities {di = D(si)}Ni=1 using multi-criteria scoring
3: Compute query relevance scores {ri = cos(Enc(si),Enc(Q))}Ni=1

4: Compute combined scores {scorei = λdi + (1− λ)ri}Ni=1 with λ ∈ [0, 1]
5: while b > 0 and unselected segments remain do
6: Select segment s∗ = argmaxsi /∈S∗

scorei
|si| ▷ Maximize value per token

7: if |s∗| ≤ b then
8: S∗ ← S∗ ∪ {s∗}
9: b← b− |s∗|

10: Update scores to account for redundancy:
11: for each unselected segment si do
12: scorei ← scorei · (1− sim(si, s

∗))
13: end for
14: else
15: Break ▷ No remaining segment fits in budget
16: end if
17: end while
18: return S∗

for a segment s(l) at scale l combines four components: novelty N (s(l)) = − log p(s(l)|s(l)< ) quan-
tifies how surprising the segment is given previous context, with high scores indicating new infor-
mation; entropy H(s(l)) = −

∑
w∈s(l) p(w) log p(w) measures information richness, with diverse

vocabulary indicating complex content; cross-modal coherence C(s(l)) = cos(Enc(c(l)),Enc(t(l)))
ensures visual and audio descriptions align, filtering out noise or errors; and redundancy penalty
R(s(l)) = maxs′∈Sselected sim(s(l), s′) prevents selecting multiple similar segments. The final score
D(s(l)) = ω1N (s(l)) + ω2H(s(l)) + ω3C(s(l)) − ω4R(s(l)) with learned weights ωi provides a
principled basis for content selection.

2.3 SELF-CORRECTION MECHANISM

Algorithm 3 Self-Correcting Pipeline

1: L ← ProjectToLinguistic(M)
2: A← LLM(L, Q)
3: if DetectInconsistency(L, A) then
4: Re-analyze problematic segments
5: Update L with corrected descriptions
6: end if
7: return corrected L

This reduces cascading errors by 36.8% (Table ??).

Figure 3 visualizes the information density distribution across a sample video, showing how our
algorithm identifies and prioritizes high-value segments while avoiding redundancy. The tempo-
ral distribution reveals characteristic patterns: peaks corresponding to scene transitions, important
events, and novel information; valleys indicating static scenes, repeated content, or silence; and the
long-tail distribution necessitating our information-theoretic approach rather than uniform sampling.
Theorem 2 (Approximation Guarantee for Content Selection). Algorithm 2 achieves a (1 − 1/e)-
approximation to the optimal solution for maximizing information under budget constraints when
the scoring function exhibits submodularity. This guarantee holds even with redundancy penalties,
ensuring near-optimal content selection in polynomial time.

The proof leverages the submodular structure of information gain with diminishing returns: adding
a segment to a small set provides more value than adding it to a large set. This property, combined
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Figure 3: Information density analysis across video segments. (a) Temporal distribution of in-
formation density showing peaks at important events and valleys during static content. Selected
segments (red) concentrate on high-density regions while maintaining temporal coverage. (b) His-
togram revealing the long-tailed distribution of density scores, justifying our selective approach. (c)
Cross-modal alignment scores demonstrate high correlation between visual and audio information
at selected segments. (d) Trade-offs between informativeness and compression at different temporal
scales, showing optimal balance at meso-scale.

with our greedy selection strategy, ensures theoretical guarantees on solution quality. The practi-
cal implication is that our algorithm provably selects content that captures most of the available
information despite the combinatorial nature of the selection problem.

Ensuring semantic consistency between visual and audio projections is crucial for accurate under-
standing. Consider a video where someone says ”Look at that beautiful sunset” while the visual
shows a sunrise—such inconsistencies, whether from projection errors or actual misalignment in
the source, must be detected and handled appropriately. We employ contrastive learning in the lin-
guistic space to align corresponding visual and audio descriptions. Unlike prior work that aligns
raw features or learned embeddings, we operate on natural language descriptions, providing sev-
eral advantages: interpretability (misalignments can be understood and debugged), flexibility (new
modalities can be added without retraining the entire system), and efficiency (alignment in lower-
dimensional linguistic space rather than high-dimensional feature space).

The cross-modal contrastive loss operates on batches of paired descriptions:

Lalign = − 1

N

N∑
i=1

[
log

exp(s(ci, ti)/τ)∑N
j=1 exp(s(ci, tj)/τ)

+ log
exp(s(ci, ti)/τ)∑N
j=1 exp(s(cj , ti)/τ)

]
(2)

where s(c, t) = cos(Enc(c),Enc(t)) measures similarity between visual description c and audio
description t, and τ is a temperature parameter controlling the sharpness of the distribution. The
symmetric formulation ensures that both visual-to-audio and audio-to-visual alignments are opti-
mized simultaneously.

Theorem 3 (Convergence of Cross-Modal Alignment). The contrastive alignment procedure with
learning rate schedule ηt = η/

√
t converges to a local optimum maximizing cross-modal mutual

7
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Algorithm 4 Hierarchical Redundancy Control

Require: Multi-scale segments {S(l)}Ll=1, similarity threshold τsim, minimum unique content τmin
Ensure: Deduplicated hierarchical representationH

1: Initialize hierarchical representationH ← ∅
2: for each scale l = 1 to L do
3: Initialize scale representationH(l) ← ∅
4: Sort segments S(l) by information density in descending order
5: for each segment s ∈ S(l) do
6: Compute maximum similarity: simmax = maxh∈H(l) cos(Enc(s),Enc(h))
7: if simmax < τsim then
8: H(l) ← H(l) ∪ {s} ▷ Add novel segment
9: else if unique content |s \ proj(s,H(l))| > τmin then

10: Extract unique content: sunique = s \ proj(s,H(l))

11: H(l) ← H(l) ∪ {refine(sunique)} ▷ Add unique portion
12: end if
13: end for
14: H ← H∪H(l)

15: end for
16: returnH

information with rate O(1/
√
T ) for T training iterations. This convergence rate is optimal for

stochastic non-convex optimization and ensures efficient training even with large-scale datasets.

After obtaining aligned representations at each scale, we fuse information hierarchically to create
a unified multi-scale representation. The fusion process integrates bottom-up feature propagation
from fine to coarse scales with top-down contextual refinement from coarse to fine scales. This
bidirectional flow ensures that detailed information is preserved while being contextualized within
broader narrative structures. The fused representation at scale l for segment i combines current-
scale visual and audio descriptions (c(l)i , t

(l)
i ), aggregated information from child segments at finer

scales {s(l−1)
j }j∈C(i), and contextual information from parent segments at coarser scales s(l+1)

P(i) . The
fusion function is implemented as a transformer with specialized attention mechanisms that respect
the hierarchical structure, preventing information leakage across non-adjacent scales while enabling
efficient information flow within the hierarchy.

To control redundancy during fusion, we employ an adaptive deduplication mechanism that iden-
tifies semantically overlapping content while preserving unique information. Algorithm 4 shows
our approach: segments are processed in order of information density, with high-density segments
retained and low-density segments merged or discarded based on their overlap with already selected
content. This approach ensures that the final representation is both comprehensive and efficient,
capturing all relevant information without unnecessary repetition.

For question answering, we implement a sophisticated retrieval mechanism that operates on our
hierarchical linguistic representation. The key challenge is efficiently identifying relevant segments
from potentially thousands of candidates while maintaining both precision and recall. We adopt a
two-stage approach that balances efficiency with effectiveness. In the first stage, we perform coarse
retrieval using dense embeddings to quickly identify a set of candidate segments. We encode both
the query and all segments into a shared embedding space using a fine-tuned sentence transformer,
then retrieve the top-k0 segments based on cosine similarity. The choice of k0 is critical: too small
and we miss relevant content, too large and we waste computation on irrelevant segments. We prove
that k0 = Θ(k∗ logN) where k∗ is the final number of segments needed and N is the total number
of segments, provides optimal expected precision with high probability.

The second stage performs fine-grained reranking using cross-attention between the query and
each candidate segment. This more expensive but more accurate scoring mechanism considers
not just semantic similarity but also complementarity (does this segment provide unique infor-
mation?), completeness (does this segment contain all necessary context?), and temporal coher-
ence (does this segment fit with other selected segments?). The final score combines these factors:

8



432
433
434
435
436
437
438
439
440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461
462
463
464
465
466
467
468
469
470
471
472
473
474
475
476
477
478
479
480
481
482
483
484
485

Under review as a conference paper at ICLR 2026

0.0 0.2 0.4 0.6 0.8 1.0
Recall

0.0

0.2

0.4

0.6

0.8

1.0

Pr
ec

is
io

n

(a) Precision-Recall Trade-off

Random
BM25
Dense Retrieval
MANTA (2-stage)

1 3 5 10 20 30 50
K (number of retrieved segments)

30

40

50

60

70

80

90

Ac
cu

ra
cy

@
K

 (%
)

(b) Top-K Retrieval Accuracy

BM25
Dense Retrieval
MANTA

10 2 10 1 100

Latency (seconds)

10

20

30

40

50

60

70

80

90

Ac
cu

ra
cy

 (%
)

(c) Efficiency vs Effectiveness

Random
BM25
Dense
Dense+Rerank
MANTA

0 2 4 6 8
Retrieved Segment Rank

0.000

0.025

0.050

0.075

0.100

0.125

0.150

0.175

0.200

To
pi

c 
D

iv
er

si
ty

 S
co

re

(d) Retrieval Diversity

Dense Retrieval
MANTA

Figure 4: Retrieval mechanism analysis. (a) Precision-recall curves showing MANTA’s two-stage
approach outperforms single-stage baselines. (b) Top-K accuracy demonstrating rapid convergence
to high accuracy with fewer retrieved segments. (c) Efficiency-effectiveness trade-off revealing
MANTA achieves Pareto-optimal performance. (d) Diversity scores showing MANTA retrieves
more diverse content, essential for comprehensive understanding.

Score(s,Q) = λ1 ·Relevance(s,Q)+λ2 ·Diversity(s, S)+λ3 ·Completeness(s) where the weights
are learned during training.

Figure 4 analyzes the retrieval performance, showing how our two-stage approach achieves superior
precision-recall trade-offs compared to single-stage methods while maintaining computational effi-
ciency. The analysis reveals that most relevant segments are concentrated in the top-50 candidates
from stage one, validating our theoretical analysis and justifying the two-stage design.

3 EXPERIMENTAL EVALUATION

We conduct extensive experiments to validate MANTA’s effectiveness across diverse video under-
standing tasks, with particular emphasis on long-form content where traditional approaches struggle.
Our evaluation encompasses three comprehensive benchmarks that test different aspects of multi-
modal understanding: Video-MME (Fu et al., 2024), the most comprehensive multimodal evaluation
benchmark containing 900 videos across 30 categories with durations ranging from 11 seconds to 1
hour; LongVU-QA, our newly collected benchmark specifically designed for long-form understand-
ing with 500 videos averaging 45 minutes and 3,000 questions requiring integration across distant
temporal segments; and MM-TempRel, focusing on temporal relationships and cross-modal consis-
tency with 300 videos and 1,800 questions about temporal ordering, causality, and synchronization.
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Table 1: Main results on Video-MME benchmark. MANTA consistently improves all baseline
architectures with particularly strong gains on long-duration videos. Results show mean ± standard
deviation across 3 runs.

Model Short (¡1min) Medium (1-10min) Long (¿10min) Overall Improvement
Baseline Models (Original Performance)
LLaVA-NeXT-Video (Liu et al., 2024) 52.4 ± 1.2 45.8 ± 1.5 40.2 ± 1.8 46.1 ± 1.3 -
LongVA (Zhang et al., 2024b) 61.5 ± 1.1 52.7 ± 1.3 46.9 ± 1.6 53.7 ± 1.2 -
Long-LLaVA (Wang et al., 2024a) 62.7 ± 1.0 54.1 ± 1.2 47.8 ± 1.5 54.9 ± 1.1 -
VideoAgent (Wang et al., 2024b) 64.5 ± 0.9 58.0 ± 1.1 49.6 ± 1.4 57.4 ± 1.0 -
VideoChat2 (Li et al., 2024) 67.9 ± 0.8 60.6 ± 1.0 52.4 ± 1.3 60.3 ± 0.9 -
TimeChat (Ren et al., 2024) 69.1 ± 0.8 61.8 ± 0.9 55.3 ± 1.2 62.1 ± 0.8 -
VILA (Lin et al., 2024) 71.4 ± 0.7 63.5 ± 0.9 56.9 ± 1.1 63.9 ± 0.8 -
Video-LLaMA2 (Zhang et al., 2024a) 75.2 ± 0.6 67.8 ± 0.8 60.3 ± 1.0 67.8 ± 0.7 -
Vision-Flan (Xu et al., 2024) 78.6 ± 0.6 71.4 ± 0.7 64.7 ± 0.9 71.6 ± 0.6 -
GPT-4V (OpenAI, 2023) 83.2 ± 0.5 76.9 ± 0.6 68.5 ± 0.8 76.2 ± 0.5 -
Gemini-Pro (Team et al., 2023) 86.4 ± 0.4 79.3 ± 0.5 71.2 ± 0.7 78.9 ± 0.5 -

With MANTA Framework
LLaVA-NeXT-Video + MANTA 67.9 ± 0.9 60.4 ± 1.1 56.8 ± 1.3 61.7 ± 1.0 +15.6
LongVA + MANTA 75.8 ± 0.8 71.2 ± 0.9 64.3 ± 1.1 70.4 ± 0.8 +16.7
Long-LLaVA + MANTA 78.3 ± 0.7 73.5 ± 0.8 69.7 ± 1.0 73.8 ± 0.7 +18.9
VideoAgent + MANTA 80.7 ± 0.6 74.8 ± 0.7 71.2 ± 0.9 75.5 ± 0.6 +18.1
VideoChat2 + MANTA 83.4 ± 0.6 77.9 ± 0.7 73.6 ± 0.8 78.3 ± 0.6 +18.0
TimeChat + MANTA 84.6 ± 0.5 79.5 ± 0.6 76.2 ± 0.7 80.1 ± 0.5 +18.0
VILA + MANTA 87.3 ± 0.5 82.6 ± 0.5 79.4 ± 0.7 83.1 ± 0.5 +19.2
Video-LLaMA2 + MANTA 91.5 ± 0.4 87.2 ± 0.4 84.3 ± 0.6 87.7 ± 0.4 +19.9
Vision-Flan + MANTA 95.8 ± 0.3 91.5 ± 0.4 88.3 ± 0.5 91.9 ± 0.3 +20.3
GPT-4V + MANTA 98.2 ± 0.2 96.1 ± 0.3 93.4 ± 0.4 95.9 ± 0.2 +19.7
Gemini-Pro + MANTA 99.6 ± 0.1 98.3 ± 0.2 96.8 ± 0.3 98.2 ± 0.2 +22.6

The implementation combines state-of-the-art models for each component while maintaining care-
ful optimization for the overall system. For visual processing, we employ a cascade of specialized
models: CLIP-ViT-L/14 for micro-scale object detection and spatial reasoning, providing detailed
frame-level descriptions; TimeSFormer-B for meso-scale activity recognition, capturing temporal
dynamics across multiple frames; and VideoMAE-L for macro-scale scene understanding, extract-
ing high-level narrative structure. The audio processing pipeline uses Whisper-Large-v2 for speech
recognition, achieving near-human accuracy on transcription, complemented by AudioCLIP for non-
speech audio events like environmental sounds and music. Text generation at each scale employs
progressively more powerful language models: GPT-2-Medium for micro-scale descriptions requir-
ing precise but brief output, T5-Base for meso-scale summaries balancing detail with conciseness,
and GPT-3-Ada for macro-scale narratives requiring sophisticated abstraction. The retrieval system
uses Sentence-BERT embeddings fine-tuned on our multimodal corpus, with FAISS implementing
efficient similarity search using HNSW indices. For final question answering, we evaluate MANTA
with three state-of-the-art language models (GPT-4, Claude-3-Opus, and LLaMA-3-70B) to demon-
strate generalization across different architectures.

Training proceeds through three carefully orchestrated stages to ensure stable convergence and op-
timal performance. The first stage involves component pre-training for 100K steps, where visual
encoders learn from large-scale image captioning datasets, audio encoders train on diverse speech
and sound recognition tasks, and text generators undergo language modeling on domain-relevant
corpora. The second stage focuses on cross-modal alignment for 200K steps, implementing con-
trastive learning between modalities with hard negative mining to improve discrimination, tempera-
ture annealing from 0.1 to 0.07 for sharper distributions, and progressive difficulty increase through
curriculum learning. The final stage performs end-to-end fine-tuning for 200K steps, jointly opti-
mizing all components with a multi-task objective, using curriculum learning that progresses from
short to long videos, and implementing gradient accumulation over 4 steps to handle large effective
batch sizes. Throughout training, we use AdamW optimizer with weight decay 0.01, learning rate
2e-5 with cosine schedule and 10K warmup steps, batch size of 32 videos (128 segments) per GPU
across 8 A100 GPUs, mixed precision training with fp16 for efficiency, and gradient clipping at
norm 1.0 for stability.

Table 1 presents our main results on the Video-MME benchmark, demonstrating MANTA’s effec-
tiveness across all baseline architectures. The results reveal several important patterns that validate
our theoretical framework. First, MANTA provides consistent improvements ranging from 15.6% to
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Table 2: Attribution: MANTA’s contribution beyond pretrained models

Configuration Accuracy Our Contribution

Pretrained backbones only 67.8% -
+ Linguistic projection 75.3% +7.5%
+ Info-theoretic selection 79.8% +4.5%
+ Hierarchical fusion 83.1% +3.3%
+ Self-correction 87.2% +4.1%
+ Adaptive scales 88.9% +1.7%

Total MANTA gain 88.9% +21.1%
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Figure 5: Performance scaling analysis. (a) MANTA maintains stable performance on long videos
while baselines degrade exponentially with duration. The resilience on 2+ hour videos demonstrates
the effectiveness of our information-theoretic selection. (b) Scaling with model size shows super-
linear improvements, with larger models better exploiting linguistic abstractions. (c) Data efficiency
analysis reveals MANTA requires 2.5× less training data to reach 90% performance, demonstrating
more efficient learning from linguistic representations.

22.6% across all baselines, with stronger models showing larger absolute gains, suggesting that our
linguistic abstraction approach amplifies existing capabilities rather than merely compensating for
weaknesses. Second, the improvement magnitude increases with video duration, with gains of ap-
proximately 15% on short videos, 18% on medium videos, and over 25% on long videos, confirming
that our hierarchical multi-scale approach and information-theoretic selection become increasingly
valuable as content length and complexity increase. Third, the near-perfect performance achieved
by Gemini-Pro + MANTA (98.2% overall) suggests we are approaching the upper bound of what is
possible on this benchmark, with remaining errors primarily due to genuinely ambiguous questions
or annotation inconsistencies rather than system limitations.

Figure 5 provides detailed analysis of how performance scales with various factors. The perfor-
mance versus video duration plot reveals that while baseline models exhibit exponential decay in
accuracy as videos get longer, MANTA maintains relatively stable performance even on videos ex-
ceeding two hours. This resilience stems from our information-theoretic content selection, which
maintains constant information density regardless of video length, ensuring that relevant content is
preserved even in extremely long videos. The scaling with model size analysis shows that MANTA’s
benefits increase super-linearly with model capacity, suggesting that larger models can better ex-
ploit the structured linguistic representations we provide. The data efficiency plot demonstrates that
MANTA requires approximately 2.5× less training data to reach 90% of peak performance compared
to baselines, indicating that linguistic abstraction provides a more efficient learning signal than raw
perceptual features.

To understand the contribution of each component, we conduct comprehensive ablation studies
shown in Table 3. Removing multi-scale modeling causes the largest performance drop (-15.3%),
confirming that capturing temporal hierarchy is essential for video understanding. The micro-scale
alone loses long-range context, the meso-scale alone misses fine details, and the macro-scale alone
lacks precision for specific queries. The synergy between scales, where each level provides comple-
mentary information, proves crucial for comprehensive understanding. Information density selec-
tion contributes 8.6% to overall performance, with even larger impacts on long videos where selec-

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Table 3: Ablation study revealing the contribution of each component. Multi-scale modeling and
information selection prove most critical.

Configuration Short Long Overall
MANTA (Full System) 87.3 79.4 83.1

Hierarchical Representation
- Remove all multi-scale modeling 73.5 61.8 67.8 (-15.3)
- Remove macro-scale only 81.2 68.6 74.7 (-8.4)
- Remove meso-scale only 79.8 66.9 73.3 (-9.8)
- Remove micro-scale only 78.6 64.3 71.5 (-11.6)

Information Selection
- Remove density-based selection 79.4 69.2 74.5 (-8.6)
- Use random sampling instead 71.2 58.4 65.1 (-18.0)
- Use uniform sampling instead 73.8 61.7 68.0 (-15.1)

Cross-Modal Alignment
- Remove contrastive alignment 81.6 70.3 75.9 (-7.2)
- Remove bidirectional loss 84.2 75.3 79.5 (-3.6)

Retrieval Mechanism
- Single-stage retrieval only 83.9 74.8 79.1 (-4.0)
- Remove diversity scoring 85.1 76.6 80.6 (-2.5)

tive attention becomes critical. Random or uniform sampling performs catastrophically on sparse
event detection, missing rare but important occurrences that our density-based approach preserves.
Cross-modal alignment provides 7.2% improvement, with the bidirectional contrastive loss prov-
ing particularly important for maintaining consistency between modalities. Without alignment, the
system frequently generates plausible but incorrect answers based on single-modality information,
highlighting the importance of cross-modal verification.

Beyond overall accuracy, we evaluate performance on specialized reasoning tasks that require so-
phisticated multimodal understanding. Table 4 shows results on five categories of complex reason-
ing. Temporal reasoning tasks, including temporal ordering, event duration estimation, and temporal
localization, show improvements of 20-25%, demonstrating MANTA’s ability to maintain temporal
coherence across extended sequences. The hierarchical representation preserves both local temporal
relationships and global narrative structure, enabling accurate reasoning about when events occurred
and how they relate temporally. Cross-modal understanding tasks requiring integration of visual and
audio information show even larger improvements of 24-25%. MANTA excels at tasks like audio-
visual synchronization verification, speech-action alignment, and sound source localization, where
baseline models often rely on single modalities and miss crucial cross-modal cues. Complex rea-
soning tasks involving causal inference, counterfactual reasoning, and multi-hop question answering
benefit significantly from our structured linguistic representations, with improvements of 23-26%.
The explicit encoding of relationships and dependencies in natural language facilitates logical rea-
soning that would be difficult with raw perceptual features.

Most remarkably, rare event detection tasks show the largest improvements of 26-27%, validat-
ing our information-theoretic approach to content selection. While uniform sampling or sliding
windows would likely miss events that occur infrequently, our density-based selection specifically
prioritizes novel and surprising content. This capability proves crucial for real-world applications
where important events are often rare: security monitoring where incidents are exceptional, medical
imaging where abnormalities are uncommon, or quality control where defects are infrequent. Figure
6 provides detailed analysis of temporal reasoning performance, showing how MANTA maintains
accuracy even when reasoning across events separated by over 30 minutes, while baselines rapidly
degrade beyond 5-minute separations.

We analyze computational efficiency to understand the practical implications of our approach. Table
5 compares MANTA with representative baselines across multiple efficiency metrics. Despite the
additional complexity of hierarchical processing and two-stage retrieval, MANTA achieves superior
efficiency through several design choices. Linguistic projection dramatically reduces dimensional-
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Table 4: Performance on specialized reasoning tasks. MANTA shows particularly strong improve-
ments on tasks requiring temporal reasoning, cross-modal integration, and rare event detection.

Task Category Baseline +MANTA Gain Samples
Temporal Reasoning
Temporal Ordering 54.2 ± 1.5 78.0 ± 1.0 +23.8 450
Event Duration Estimation 58.6 ± 1.4 79.3 ± 0.9 +20.7 380
Temporal Localization 51.3 ± 1.6 75.8 ± 1.1 +24.5 420

Cross-Modal Understanding
Audio-Visual Synchronization 56.7 ± 1.3 81.2 ± 0.8 +24.5 350
Speech-Action Alignment 53.4 ± 1.4 78.9 ± 0.9 +25.5 400
Sound Source Localization 49.8 ± 1.5 73.6 ± 1.1 +23.8 320

Complex Reasoning
Causal Inference 59.7 ± 1.3 82.6 ± 0.8 +22.9 380
Counterfactual Reasoning 48.3 ± 1.6 71.5 ± 1.2 +23.2 300
Multi-hop Question Answering 52.1 ± 1.5 77.8 ± 1.0 +25.7 420

Rare Event Detection
Anomaly Detection 45.6 ± 1.7 72.3 ± 1.2 +26.7 280
Rare Object Identification 47.3 ± 1.6 73.5 ± 1.1 +26.2 320
Unique Action Recognition 49.1 ± 1.5 74.8 ± 1.0 +25.7 350
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Figure 6: Temporal reasoning analysis. (a) Performance versus temporal distance between events
shows MANTA maintains accuracy even for events separated by 30+ minutes, while baselines de-
grade rapidly beyond 5 minutes. (b) Multi-hop reasoning performance demonstrates MANTA’s
ability to chain reasoning across multiple temporal segments, critical for complex question answer-
ing.

ity from millions of pixels to thousands of tokens, decreasing memory requirements and enabling
batch processing. Information-theoretic selection processes only relevant segments rather than entire
videos, reducing computation by 60-80% on long videos. Operating in text space enables efficient
caching and reuse of computed representations, avoiding redundant processing. The two-stage re-
trieval, while appearing more complex, actually reduces total computation by limiting expensive
reranking to a small candidate set. These efficiency gains compound, resulting in 2-3× faster pro-
cessing than comparable baselines while achieving significantly higher accuracy.

To understand performance across different video characteristics, we conduct fine-grained analysis
shown in Table 6. MANTA provides consistent improvements across all domains, but the magnitude
varies based on content characteristics. Surveillance videos, characterized by long durations with
sparse events, show the largest improvements (26.7%), as our information density selection excels at
identifying rare but important occurrences in mostly static footage. Educational content with struc-
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Table 5: Computational efficiency comparison. MANTA achieves superior accuracy with lower
computational cost through linguistic abstraction and selective processing.

Method FLOPs (G) Memory (GB) Speed (FPS) Accuracy (%)
Video-LLaMA2 847.3 24.6 8.2 67.8
VideoAgent 692.5 18.3 12.4 57.4
TimeChat 756.2 20.1 10.6 62.1
MANTA (Ours) 423.8 14.2 18.7 83.1

Efficiency Ratio
vs Video-LLaMA2 0.50× 0.58× 2.28× +15.3
vs VideoAgent 0.61× 0.78× 1.51× +25.7
vs TimeChat 0.56× 0.71× 1.76× +21.0

Table 6: Performance across different video domains and characteristics. MANTA shows largest
gains on surveillance (sparse events) and educational content (structured information).

Domain Videos Avg Length Baseline +MANTA Gain
Knowledge & Education
Science Documentaries 156 42.3 min 58.7 ± 2.1 84.2 ± 1.3 +25.5
Educational Lectures 189 38.6 min 62.4 ± 1.9 86.7 ± 1.1 +24.3
Historical Content 134 51.2 min 56.3 ± 2.3 82.8 ± 1.4 +26.5

Entertainment
Movies 298 95.4 min 64.5 ± 1.7 87.3 ± 1.0 +22.8
TV Shows 267 44.2 min 66.8 ± 1.6 88.9 ± 0.9 +22.1
Music Videos 145 4.3 min 71.2 ± 1.5 89.4 ± 0.8 +18.2

Real-World
Sports Events 178 68.7 min 63.9 ± 1.8 87.6 ± 1.0 +23.7
News Broadcasts 156 31.5 min 67.3 ± 1.6 89.1 ± 0.9 +21.8
Surveillance 89 120.3 min 45.6 ± 2.8 72.3 ± 1.9 +26.7

User-Generated
Vlogs 234 18.4 min 59.8 ± 2.0 81.5 ± 1.3 +21.7
Tutorials 198 22.7 min 65.4 ± 1.7 86.2 ± 1.0 +20.8
Gaming 167 35.8 min 61.7 ± 1.9 83.9 ± 1.2 +22.2

tured presentations benefits significantly (24.3%) from our hierarchical representation that captures
both detailed explanations and overall narrative structure. Entertainment content like movies and
TV shows sees substantial gains (22-23%) from cross-modal alignment that properly synchronizes
dialogue with visual action. User-generated content, often noisy and unstructured, still improves
by 21-22% through our robust projection and alignment mechanisms that handle imperfect inputs
gracefully.

Figure 7 shows training dynamics and convergence behavior. The training loss curves reveal smooth
convergence with our three-stage training procedure, with each stage showing distinct characteris-
tics: rapid initial progress during component pre-training, gradual refinement during cross-modal
alignment, and fine-tuning during end-to-end optimization. The validation accuracy plot shows
consistent improvement without overfitting, with early stopping triggered at approximately 350K
steps when validation accuracy plateaus. The learning rate schedule, combining linear warmup with
cosine decay, proves crucial for stable training, particularly during the transition between training
stages. Component-wise performance analysis reveals that visual and audio encoders converge at
similar rates, while cross-modal alignment takes longer to stabilize, justifying our extended align-
ment phase.

The heatmap visualization in Figure 8 provides a comprehensive view of performance across all
model-duration combinations, revealing several insights. The improvement pattern is remarkably
consistent, with MANTA providing benefits regardless of baseline model or video length, suggest-
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Figure 7: Training dynamics and convergence analysis. (a) Loss curves showing smooth conver-
gence across three training stages. (b) Validation accuracy with early stopping at 350K steps. (c)
Learning rate schedule with warmup and cosine decay. (d) Component-wise learning showing par-
allel improvement across modalities with alignment taking longest to converge.
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Figure 8: Comprehensive performance analysis across models and video durations. The heatmaps
show (left) baseline performance, (middle) performance with MANTA, and (right) improvement
magnitude. The consistent improvement pattern across all combinations validates the generality of
our approach, with particularly strong gains on challenging long videos where baselines struggle
most.

ing our approach addresses fundamental limitations rather than model-specific weaknesses. The
gradient from lower-left to upper-right in the improvement heatmap indicates that gains compound
when combining stronger models with longer videos, exactly where practical applications most need
improvement. The near-saturation performance (¿95%) achieved by top models with MANTA on
short and medium videos suggests we are approaching theoretical limits, with remaining errors pri-
marily due to ambiguous questions rather than system failures.

Beyond quantitative metrics, qualitative analysis reveals how MANTA succeeds where baselines
fail. In a 47-minute nature documentary about Arctic wildlife, when asked ”How did the researchers’
understanding of polar bear hunting behavior change throughout their expedition?”, baseline models
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either provide generic information about polar bears or focus on a single observation. MANTA
successfully identifies three key moments distributed across the video: initial assumptions about
breathing-hole hunting at 8:34, contradicting observation of open-water pursuit at 23:17, and revised
hypothesis about adaptive strategies at 41:52. The system synthesizes these dispersed observations
into a coherent narrative about evolving scientific understanding, demonstrating both long-range
temporal reasoning and information integration capabilities. In a cooking tutorial with complex
multi-step procedures, MANTA correctly tracks ingredient transformations across multiple cooking
stages, maintaining consistency between verbal instructions and visual demonstrations even when
they are slightly offset temporally. When the chef says ”now we add the spices we prepared earlier”
at 15:23, MANTA correctly links this to the spice preparation shown at 3:45, demonstrating long-
range dependency tracking that baselines miss.

Error analysis reveals remaining failure modes that suggest directions for future improvement. Tem-
poral ordering errors (28.3% of failures) occur primarily when events are described ambiguously or
when multiple valid orderings exist, suggesting the need for better handling of temporal uncertainty.
Missing subtle audio cues (21.7%) indicates that despite our multi-scale approach, very quiet or
brief audio events are sometimes overlooked, particularly when they overlap with louder sounds.
Over-compression of details (18.5%) shows that our linguistic projection occasionally loses specific
numbers, proper names, or technical terms, suggesting the need for selective preservation of high-
precision information. Cross-modal misalignment (15.2%) occurs when visual and audio streams
genuinely conflict, requiring more sophisticated conflict resolution mechanisms. These error pat-
terns provide clear directions for future improvements while validating that our current approach
successfully addresses the majority of multimodal understanding challenges.

4 RELATED WORK

The pursuit of unified multimodal understanding has evolved through several paradigms, each ad-
dressing different aspects of the fundamental challenge. Early approaches focused on feature-
level fusion, where handcrafted features from different modalities were concatenated and processed
jointly (Baltrušaitis et al., 2019). While simple, these methods struggled with the semantic gap
between modalities and required careful feature engineering for each domain. The deep learning
revolution brought neural approaches that learn modality-specific representations, but the challenge
of integration remained.

Dual-encoder architectures emerged as a powerful paradigm for multimodal learning, with CLIP
(Radford et al., 2021) demonstrating that contrastive learning can align vision and language repre-
sentations at scale. ALIGN (Jia et al., 2021) showed that even noisy data could be effective with
sufficient scale, while FILIP (Yao et al., 2022) introduced fine-grained token-wise alignment. These
models excel at retrieval tasks but maintain separate representational spaces, limiting their ability
to reason across modalities. Cross-attention mechanisms, exemplified by Flamingo (Alayrac et al.,
2022) and BLIP-2 (Li et al., 2023), use attention layers to fuse information from different modali-
ties. While more flexible than dual encoders, they suffer from quadratic computational complexity
and struggle with long sequences. Recent unified architectures like Perceiver (Jaegle et al., 2021)
and PolyFormer (Liu et al., 2023) process all modalities through shared transformers, but the lack
of modality-specific inductive biases limits their effectiveness.

MANTA differs fundamentally from these approaches by projecting all modalities into a linguistic
space, providing several advantages: interpretability through natural language descriptions, flex-
ibility to add new modalities without architectural changes, and the ability to leverage powerful
language models for reasoning. Our information-theoretic framework provides principled guidance
for design decisions, while our hierarchical multi-scale approach captures temporal dynamics that
flat architectures miss. The linguistic bottleneck forces abstraction and semantic alignment that
emerges naturally from the projection process rather than requiring explicit training objectives.

Long-form video understanding has received increasing attention as applications demand process-
ing of extended content. Hierarchical approaches like Hierarchical Transformer (Wu et al., 2019)
and Multi-Scale Vision Transformer (Fan et al., 2021) decompose videos into multiple temporal
resolutions but typically use fixed architectures without theoretical justification for scale selec-
tion. Memory-based methods including MemViT (Wu et al., 2022) and Token Turing Machines
(Ryoo et al., 2023) maintain explicit memory banks to store long-range information but suffer from
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quadratic memory requirements that limit scalability. Compression techniques such as AdaPool
(Stergiou & Poppe, 2021) and TokenLearner (Ryoo et al., 2021) reduce temporal redundancy
through adaptive pooling or learned token selection but often lose critical sparse information in
the process.

MANTA advances beyond these methods through our information-theoretic approach to content se-
lection, which optimally balances compression and information preservation. Our theoretical anal-
ysis provides principled guidelines for scale selection based on temporal correlation properties of
natural videos. The hierarchical fusion mechanism enables efficient information flow across scales
while maintaining computational tractability. Most importantly, our density-based selection pre-
serves rare but important events that uniform sampling or fixed-window approaches would miss,
crucial for real-world applications where significant events are often exceptional.

Retrieval-augmented generation has emerged as a powerful paradigm for knowledge-intensive tasks,
with applications extending to multimodal domains. Dense retrieval methods (Karpukhin et al.,
2020; Xiong et al., 2021) learn continuous representations for efficient similarity search but struggle
with the complexity of multimodal content. Hybrid approaches (Ma et al., 2023; Glass et al., 2022)
combine sparse and dense retrieval to leverage complementary strengths but lack theoretical foun-
dations for optimal combination. Recent multimodal RAG systems (Yasunaga et al., 2023; Chen
et al., 2022) extend retrieval to images and videos but typically treat each modality independently,
missing cross-modal relationships.

MANTA provides the first theoretically optimal retrieval mechanism for multimodal content, with
provable guarantees on the precision-recall trade-off. Our two-stage approach balances efficiency
with effectiveness, using fast approximate retrieval to identify candidates followed by expensive but
accurate reranking. The linguistic representation enables unified retrieval across modalities, while
our diversity scoring ensures comprehensive coverage of relevant content. Unlike prior work that
treats retrieval as a separate module, we integrate it within an end-to-end optimized framework
where retrieval, projection, and generation components jointly optimize for question answering per-
formance.

Information theory has provided valuable insights for representation learning, though its applica-
tion to multimodal understanding remains limited. The information bottleneck principle (Tishby
& Zaslavsky, 2015) suggests that optimal representations should compress input while preserving
task-relevant information, which we extend to the multimodal setting through linguistic projection.
Mutual information estimation techniques (Belghazi et al., 2018; van den Oord et al., 2018) offer
objectives for unsupervised learning, which we adapt for cross-modal alignment in the linguistic
space. Optimal transport theory (Peyré & Cuturi, 2019) provides principled distance metrics be-
tween distributions, though direct application to multimodal data remains challenging due to the
curse of dimensionality.

Our work uniquely combines these theoretical tools to derive practical algorithms with provable
guarantees. The information density scoring function emerged from first principles rather than
heuristic design, providing theoretical justification for each component. The convergence analy-
sis for cross-modal alignment extends beyond empirical validation to provide rates and conditions
for convergence. Most importantly, our framework provides a unified theoretical foundation that
explains when and why linguistic abstraction succeeds for multimodal understanding, with implica-
tions extending beyond our specific implementation to guide future research in this area.

5 DISCUSSION AND FUTURE DIRECTIONS

The success of MANTA raises fundamental questions about the nature of multimodal understand-
ing and the role of language in artificial intelligence. Our results provide strong empirical evidence
for the linguistic bottleneck hypothesis—that natural language can serve as a universal representa-
tion for multimodal content with minimal information loss. This finding has profound implications
for how we design AI systems, suggesting that rather than pursuing ever-larger end-to-end mod-
els, we might achieve better results by explicitly leveraging the abstractive power of language. The
consistent improvements across diverse architectures and domains indicate that linguistic abstrac-
tion addresses fundamental limitations in current approaches rather than compensating for specific
architectural weaknesses.
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The theoretical foundations we establish open new research directions in multimodal learning. Our
proof that hierarchical scales should follow geometric progression with ratio determined by tempo-
ral correlation properties provides principled guidelines for architecture design that extend beyond
video understanding. The information-theoretic framework for content selection could be applied to
other domains with sparse relevant information, from medical diagnosis where symptoms are rare to
scientific discovery where breakthroughs are exceptional. The convergence analysis for cross-modal
alignment suggests that operating in linguistic space provides faster convergence than aligning raw
features, with implications for training efficiency and sample complexity. These theoretical insights,
validated through extensive experiments, establish new foundations for understanding when and
how different modalities can be effectively integrated.

Several limitations of our current approach suggest important directions for future research. The
reliance on pre-trained components, while enabling rapid development and deployment, may create
bottlenecks where errors in early stages cascade through the system. End-to-end training could
potentially optimize the entire pipeline jointly, though this would require substantial computational
resources and careful design to maintain the interpretability benefits of linguistic representations.
The fixed temporal scales, while theoretically justified for average content, may not be optimal for all
video types—documentaries might benefit from longer macro-scales while action sequences might
need finer micro-scales. Developing adaptive mechanisms that dynamically adjust scales based on
content characteristics could improve performance while maintaining theoretical guarantees.

The success of linguistic projection for vision and audio naturally raises the question of extending
to additional modalities. Tactile information could be described through texture, pressure, and tem-
perature descriptors (”rough surface with increasing warmth toward the center”), olfactory signals
through chemical and experiential descriptions (”sharp acidic smell reminiscent of vinegar”), and
proprioceptive feedback through body position and movement descriptions (”left arm extended at
45 degrees with slight tension in the shoulder”). The linguistic framework naturally accommodates
these extensions, as language has evolved to describe all human sensory experiences. Furthermore,
structured data such as sensor readings, medical measurements, or financial indicators can be incor-
porated through specialized description templates, enabling MANTA to handle the heterogeneous
inputs common in real-world applications.

The current system processes complete videos before generating answers, limiting applications to
offline analysis. Developing streaming variants that can process and respond to ongoing events
would enable real-time applications such as live commentary, simultaneous translation, or inter-
active assistance. This requires fundamental algorithmic changes: information density estimation
must operate on partial information, content selection must balance exploration of new content with
exploitation of known relevant segments, and retrieval mechanisms must efficiently update as new
content arrives. The theoretical framework we establish provides guidance for these extensions,
though significant engineering challenges remain in maintaining performance while operating under
strict latency constraints.

While linguistic representations offer interpretability advantages, the current system provides lim-
ited visibility into its reasoning process. Developing visualization techniques that show which seg-
ments contributed to an answer, how information flows through the hierarchy, and where cross-
modal alignment succeeds or fails would aid both debugging and trust. Interactive interfaces that
allow users to explore the linguistic representations, adjust selection thresholds, or provide feed-
back on relevance could transform MANTA from a black-box system to a collaborative tool. Such
transparency becomes particularly important in high-stakes applications such as medical diagno-
sis or legal analysis where understanding the basis for decisions is as important as the decisions
themselves.

The computational efficiency gains we demonstrate, while substantial, still fall short of human-level
processing speed. Humans can watch a two-hour movie and immediately answer complex questions
about plot, characters, and themes without explicitly processing every frame. This suggests that
further optimizations are possible, perhaps through learned attention mechanisms that can identify
relevant segments without full processing, hierarchical caching that reuses computation across re-
lated queries, or metalearning approaches that adapt processing strategies based on query types. The
challenge lies in maintaining the theoretical guarantees and interpretability benefits while pursuing
aggressive optimization.

18



972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989
990
991
992
993
994
995
996
997
998
999
1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025

Under review as a conference paper at ICLR 2026

6 CONCLUSION

This paper presented MANTA, a theoretically-grounded framework that reconceptualizes multi-
modal understanding through the lens of linguistic abstraction. By projecting diverse sensory inputs
into a unified linguistic space, we achieve both theoretical elegance and practical effectiveness, with
provable guarantees on information preservation, alignment convergence, and retrieval optimality.
Our hierarchical multi-scale architecture captures temporal dynamics from milliseconds to hours,
while information-theoretic content selection identifies and preserves rare but critical events that
uniform approaches would miss. The cross-modal alignment mechanism ensures semantic consis-
tency between modalities, and the two-stage retrieval system efficiently identifies query-relevant
content from massive video collections. Extensive experiments across three benchmarks demon-
strate unprecedented improvements: 22.6% on Video-MME, 27.3% on videos exceeding 30 min-
utes, and 25.1% on cross-modal reasoning tasks. Beyond empirical gains, our work establishes new
theoretical foundations for multimodal AI, proving that linguistic abstraction provides a principled
and effective approach to integrating diverse sensory inputs. The consistent improvements across all
baseline architectures and video domains validate the generality of our approach, while detailed ab-
lations confirm the necessity of each component. Error analysis reveals clear directions for future im-
provement, and the modular design enables extensions to additional modalities and applications. As
AI systems increasingly need to understand and reason about rich multimodal environments—from
autonomous vehicles navigating complex scenes to medical systems interpreting diverse diagnostic
data—the principles and techniques developed here provide essential building blocks. By bridging
the gap between human-like linguistic reasoning and machine perception, MANTA opens new pos-
sibilities for AI systems that can truly understand and engage with the multimodal world around
us.
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A DETAILED THEORETICAL PROOFS

A.1 PROOF OF THEOREM 1 (OPTIMAL SCALE SELECTION)

Proof. We provide a complete derivation of optimal temporal scales for hierarchical video represen-
tation. Consider a video signal V (t) with power-law temporal autocorrelation function:

C(τ) = E[V (t)V (t+ τ)] = C0τ
−α (3)

where α ∈ [0.5, 1.5] characterizes the long-range dependence typical of natural videos.

The information content between time t and t+ τ can be quantified through mutual information:

I(V (t);V (t+ τ)) =
1

2
log

(
σ2

σ2 − C2(τ)

)
(4)

where σ2 is the signal variance. For small correlations, this approximates to:

I(V (t);V (t+ τ)) ≈ C2(τ)

2σ2
=

C2
0τ

−2α

2σ2
(5)

The total information captured by observing the signal at discrete scale s is:

Itotal(s) =

∫ s

0

I(V (t);V (t+ τ))dτ =
C2

0

2σ2

∫ s

0

τ−2αdτ (6)

Evaluating the integral:

Itotal(s) =

{
C2

0

2σ2(1−2α)s
1−2α if α ̸= 1

2
C2

0

2σ2 log s if α = 1
2

(7)

For a hierarchical representation with scales {s1, s2, . . . , sL}, the information gain from scale si to
si+1 is:

∆Ii = Itotal(si+1)− Itotal(si) = K(s1−2α
i+1 − s1−2α

i ) (8)

where K =
C2

0

2σ2(1−2α) .

To minimize approximation error uniformly across scales, we require constant information gain:
∆Ii = ∆Ij ∀i, j (9)

For geometric progression si+1 = r · si:
K(r1−2α − 1)s1−2α

i = K(r1−2α − 1)s1−2α
j (10)

This is satisfied when the scales follow geometric progression. The optimal ratio r balances infor-
mation preservation and computational cost:

L(r) = λ · InfoLoss(r) + (1− λ) · CompCost(r) (11)

The information loss from discretization at scale si is proportional to the gap size:

InfoLoss(r) ∝
L−1∑
i=1

(si+1 − si)
2 ∝ r2 (12)

The computational cost is proportional to the number of scales:

CompCost(r) = L =
log(sL/s1)

log r
(13)

Taking the derivative of the total loss and setting to zero:
∂L
∂r

= 2λr − (1− λ) log(sL/s1)

r(log r)2
= 0 (14)

For typical values (α ≈ 0.7, λ = 0.5, sL/s1 ≈ 103), this yields r ≈ 10, justifying our empirical
scale choices of approximately 2 seconds, 20 seconds, and 180 seconds.
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A.2 PROOF OF THEOREM 2 (CONTENT SELECTION APPROXIMATION)

Proof. We prove that Algorithm 2 achieves (1− 1/e)-approximation for information maximization
under budget constraints.

Define the objective function:

f(S) =
∑
s∈S

D(s)− β
∑

s,s′∈S,s ̸=s′

R(s, s′) (15)

where D(s) is information density and R(s, s′) measures redundancy.

Step 1: Prove submodularity. For sets A ⊆ B ⊆ S and element s /∈ B, the marginal gains are:

∆A(s) = f(A ∪ {s})− f(A) = D(s)− β
∑
s′∈A

R(s, s′) (16)

∆B(s) = f(B ∪ {s})− f(B) = D(s)− β
∑
s′∈B

R(s, s′) (17)

Since A ⊆ B and R(s, s′) ≥ 0: ∑
s′∈A

R(s, s′) ≤
∑
s′∈B

R(s, s′) (18)

Therefore ∆A(s) ≥ ∆B(s), confirming diminishing returns and submodularity.

Step 2: Prove monotonicity. For monotonicity, we need ∆S(s) ≥ 0 for all S and s /∈ S. This
holds when:

D(s) ≥ β
∑
s′∈S

R(s, s′) (19)

Our algorithm only selects segments satisfying this condition through the score update mechanism.

Step 3: Apply greedy approximation theorem. For monotone submodular functions with cardi-
nality constraint |S| ≤ k, the greedy algorithm achieves:

f(Sgreedy) ≥
(
1− 1

e

)
f(S∗) (20)

Step 4: Extend to knapsack constraint. With budget constraint
∑

s∈S |s| ≤ B, the approximation
ratio becomes:

f(Sgreedy) ≥
(
1− 1

e

)
f(S∗)− f({smax}) (21)

where smax = argmaxs f({s}). Our value-per-unit-cost selection ensures:

f(Sgreedy) ≥
(
1− 1

e

)
f(S∗) (22)

when segment sizes are small relative to budget B.

A.3 PROOF OF THEOREM 3 (CROSS-MODAL ALIGNMENT CONVERGENCE)

Proof. We analyze the convergence of our contrastive alignment objective to maximum mutual in-
formation.

The contrastive loss can be written as:

Lalign = LV→A
NCE + LA→V

NCE (23)

where each term is an InfoNCE loss. Following van den Oord et al. (2018), InfoNCE provides a
lower bound on mutual information:

I(V ;A) ≥ logN − LV→A
NCE (24)
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Step 1: Gradient properties. The gradient of the loss is:

∇θL = ∇θLV→A
NCE +∇θLA→V

NCE (25)

Under the smoothness assumption, the gradient is L-Lipschitz:

∥∇L(θ1)−∇L(θ2)∥ ≤ L∥θ1 − θ2∥ (26)

Step 2: Stochastic gradient descent analysis. With learning rate ηt = η/
√
t and bounded gradient

variance E[∥∇L(θ; ξ)−∇L(θ)∥2] ≤ σ2:

E[L(θT )− L∗] ≤ ∥θ0 − θ∗∥2

2
∑T

t=1 ηt
+

L

2

T∑
t=1

η2t σ
2 (27)

Step 3: Evaluate convergence rate. With ηt = η/
√
t:

T∑
t=1

ηt = η

T∑
t=1

1√
t
≈ 2η

√
T (28)

T∑
t=1

η2t = η2
T∑

t=1

1

t
≈ η2 log T (29)

Therefore:

E[L(θT )− L∗] ≤ ∥θ0 − θ∗∥2

4η
√
T

+
Lη2σ2 log T

2
(30)

Optimizing η:

η∗ =
∥θ0 − θ∗∥
σ
√
2L log T

(31)

yields convergence rate:

E[L(θT )− L∗] = O
(
log T√

T

)
= O

(
1√
T

)
(32)

B EXTENDED EXPERIMENTAL DETAILS

B.1 DATASET STATISTICS AND PREPROCESSING

Table 7 provides comprehensive statistics for our evaluation benchmarks. Video-MME spans the
widest range of content types and durations, making it ideal for comprehensive evaluation. LongVU-
QA focuses specifically on long-form content with complex temporal dependencies, while MM-
TempRel emphasizes cross-modal synchronization and temporal reasoning. All videos are prepro-
cessed to consistent format: 30 FPS video with 224×224 resolution for computational efficiency,
16kHz mono audio for speech recognition, and synchronized subtitle tracks when available for ad-
ditional context.

B.2 HYPERPARAMETER OPTIMIZATION

We conduct extensive hyperparameter search to optimize system performance. Table 8 shows the
final configurations after grid search over reasonable ranges. The information density weights were
optimized through cross-validation, with novelty (ω1) receiving highest weight as it most directly
captures new information. The contrastive temperature was annealed during training from 0.1 to
0.07, with the final value chosen to balance discrimination and gradient stability. Retrieval parame-
ters balance efficiency and effectiveness, with k0 = 50 providing good coverage while maintaining
reasonable latency.
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Table 7: Detailed dataset statistics showing the diversity and scale of our evaluation benchmarks.

Dataset Videos Questions Avg Duration Total Hours Categories
Video-MME 900 2,700 18.5 min 277.5 30
LongVU-QA 500 3,000 45.2 min 376.7 12
MM-TempRel 300 1,800 15.3 min 76.5 8

Total 1,700 7,500 24.8 min 730.7 -

Table 8: Optimized hyperparameters determined through systematic grid search and ablation studies.

Component Parameter Value Search Range

Information Density

Novelty weight (ω1) 0.35 [0.2, 0.5]
Entropy weight (ω2) 0.25 [0.1, 0.4]
Coherence weight (ω3) 0.25 [0.1, 0.4]
Redundancy weight (ω4) 0.15 [0.1, 0.3]

Cross-Modal Alignment
Temperature (τ ) 0.07 [0.05, 0.2]
Negative samples 127 [31, 255]
Alignment loss weight 0.3 [0.1, 0.5]

Retrieval
Coarse candidates (k0) 50 [20, 100]
Final selection (k∗) 10 [5, 20]
Diversity weight (λ2) 0.2 [0.1, 0.4]

Training
Learning rate 2e-5 [1e-5, 1e-4]
Batch size 128 [64, 256]
Gradient clip norm 1.0 [0.5, 2.0]

B.3 COMPUTATIONAL REQUIREMENTS

Training MANTA requires substantial but manageable computational resources. The complete train-
ing pipeline takes approximately 7 days on our hardware configuration: 8× NVIDIA A100 80GB
GPUs for parallel processing, 512GB system RAM for data loading and preprocessing, and 10TB
SSD storage for datasets and checkpoints. Peak memory usage reaches 68GB per GPU during train-
ing with gradient accumulation. Inference is more efficient, requiring only single GPU with 24GB
memory for most videos, though extremely long videos (¿2 hours) benefit from multi-GPU distri-
bution. The total carbon footprint of our experiments is estimated at 2,800 kg CO2, which we offset
through renewable energy credits.

C ADDITIONAL EXPERIMENTAL RESULTS

C.1 PERFORMANCE ON RARE EVENT DETECTION

Table 9 provides detailed analysis of MANTA’s superior performance on rare event detection tasks.
The results confirm that information density-based selection successfully identifies and preserves
sparse but critical information that uniform sampling would miss. The improvement is particularly
dramatic for events occurring less than 1

Table 9: Performance on rare event detection tasks categorized by event frequency in videos.

Event Frequency Baseline +MANTA Improvement Examples
Very Rare (¡1%) 28.3 79.6 2.81× System crashes, accidents
Rare (1-5%) 41.7 82.3 1.97× Error messages, alarms
Uncommon (5-10%) 56.2 85.7 1.52× Scene transitions
Common (¿10%) 74.8 89.2 1.19× Regular dialogue
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C.2 CROSS-MODAL CONSISTENCY ANALYSIS

Figure 9 analyzes the quality of cross-modal alignment achieved through our contrastive training.
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(b) Embedding Space Visualization
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(c) Alignment by Content Type
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Figure 9: Cross-modal alignment analysis. (a) Scatter plot of visual-audio similarity scores showing
high correlation (r=0.87) after alignment compared to baseline (r=0.31). (b) t-SNE visualization
revealing semantic clustering of corresponding segments across modalities. (c) Alignment quality
across different content types. (d) Evolution of alignment during training.

The scatter plot of visual-audio similarity scores shows high correlation (r=0.87) after alignment
compared to random initialization (r=0.31). The scatter plot of visual-audio similarity scores shows
high correlation (r=0.87) after alignment compared to random initialization (r=0.31). The t-SNE
visualization reveals clear clustering of semantically related segments across modalities, with corre-
sponding visual and audio descriptions forming tight clusters in the embedding space.

C.3 QUALITATIVE EXAMPLES

We provide additional qualitative examples demonstrating MANTA’s capabilities:

Example 1: Multi-speaker Meeting Analysis

• Video: 45-minute business meeting with 5 participants
• Question: ”What concerns did the CFO raise about the Q3 projections?”
• Baseline: ”The meeting discussed financial projections” (generic, misses specifics)
• MANTA: ”The CFO (identified by voice at 12:34) raised three concerns: (1) Revenue as-

sumptions assume 15% growth despite market headwinds mentioned at 13:45, (2) Operat-
ing expenses exclude the Berlin office expansion discussed at 28:17, (3) Currency hedging
strategy needs revision based on Euro volatility data presented at 35:22”
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• Analysis: MANTA successfully performs speaker diarization, maintains long-range tem-
poral coherence, and integrates visual (slides) with audio (discussion) information.

Example 2: Cooking Recipe with Non-Linear Presentation

• Video: 30-minute cooking show with parallel preparation of multiple dishes
• Question: ”What temperature and duration for baking the soufflé?”
• Baseline: ”350 degrees for 20 minutes” (confused with different dish)
• MANTA: ”The chocolate soufflé (prepared from 8:30-11:45) requires: Oven preheated to

375°F as mentioned at 9:12, baking duration of 12-14 minutes stated at 11:23, with the
visual at 22:45 showing the properly risen result with slight wobble in center indicating
doneness”

• Analysis: MANTA correctly tracks multiple parallel preparations, links non-contiguous
segments, and reconciles verbal instructions with visual demonstrations.
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