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Abstract

Video understanding is rapidly evolving toward
omni-modal fusion, yet Multimodal Large Lan-
guage Models (MLLMs) still struggle with
complex audio-visual reasoning and semantic
alignment. Current paradigms often rely on
independent modal projectors to map features
into the LLM space, an architecture that fre-
quently overlooks intrinsic modal heterogene-
ity and inadvertently reinforces vision-centric
bias by avoiding early, direct semantic inter-
action between native cross-modal representa-
tions. To address these challenges, we propose
SynAV, a novel MLLM architecture designed
for language-grounded multimodal reasoning.
Our framework introduces a two-stage hierar-
chical cross-modal semantic interaction mech-
anism: it first performs alignment within the
textual semantic space, and subsequently exe-
cutes a visual-to-audio refinement that bridges
semantic gaps and captures temporal dynam-
ics. Furthermore, we employ a frame-by-frame
interleaved audio-visual token arrangement en-
riched with explicit textual timestamps. This
strategy acts as a temporal-semantic anchoring
mechanism, allowing the LLM to better per-
ceive the synchrony between modalities and
seamlessly conduct long-sequence logical rea-
soning. Our model jointly optimizes temporal
grounding and dense captioning tasks in an au-
toregressive manner. Extensive experiments
across 11 benchmarks demonstrate that SynAV
significantly outperforms state-of-the-art meth-
ods, achieving a superior performance in com-
plex audio-visual language reasoning.

1 Introduction

The rapid advancement of Multimodal Large Lan-
guage Models (MLLMs) has significantly pushed
the boundaries of complex multimodal scene un-
derstanding and natural language interaction (Tang

* Work done during an internship at Ant Group.
" Corresponding authors.

et al., 2026; Wu et al., 2026). Integrating tempo-
ral grounding and dense captioning within Audio-
Visual Question Answering (AVQA) evaluates a
model’s ability to precisely localize events and rea-
son over highly heterogeneous modalities. While
existing methods have achieved notable progress
on these tasks individually, few frameworks effec-
tively unify them to achieve coherent language-
grounded multimodal reasoning (Geng et al., 2025;
Liu et al., 2025). The core challenges fundamen-
tally lie in the semantic heterogeneity between au-
ditory and visual streams, alongside a pervasive
vision-centric bias where audio is treated as a sec-
ondary signal (Chen et al., 2024a; Park et al., 2025;
Sun et al., 2024). Such disparities ultimately lead
to poor cross-modal semantic alignment and hallu-
cinated, temporally ambiguous descriptions when
the LLM attempts to generate coherent natural lan-
guage responses.

We argue that these fundamental hurdles are
exacerbated by the architectural designs of cur-
rent MLLM paradigms, which typically rely on
independent modality projectors or isolated cross-
attention modules to map features into a unified
textual space (Huang et al., 2024; Geng et al., 2025;
Liu et al., 2025). Consequently, the LLM fails to
capture the fine-grained semantic nuances required
to accurately reason over and describe synchro-
nized multimodal events. We attribute these limi-
tations to the lack of early semantic alignment and
the absence of precise, text-guided temporal an-
choring (Chen et al., 2025; Wang et al., 2025; Li
et al., 2025¢).

To address these limitations and facilitate
language-instructed audio-visual alignment, we
propose SynAV, an MLLM architecture designed
for balanced Audio-Visual Synergy. We introduce
a two-stage cross-modal semantic interaction mech-
anism: the first stage utilizes text instructions to
establish a coherent baseline context, while the
second leverages temporally discriminative audio
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cues to direct visual attention for precise tempo-
ral grounding. Furthermore, the refined tokens are
chronologically arranged in a frame-by-frame inter-
leaved sequence with explicit textual timestamps
((timey,)).

As illustrated in fig. 2, our framework achieves
balanced improvements across grounding and cap-
tioning tasks on the LongVALE and VALOR
datasets, alongside robust zero-shot generalization
across 9 additional multimodal benchmarks. Fur-
thermore, our ablation studies emphasize that while
the visual stream constructs the basic factual con-
text, deeply aligning and leveraging the auditory
modality is crucial for robust temporal reasoning.
By addressing the lack of early direct interaction
mechanisms in current MLLMs, our unified model
successfully enables simultaneous high-precision
temporal grounding and richly detailed generative
reasoning.

The main contributions of our work are summa-
rized as follows:

» We present SynAV!, a simple yet effective
MLLM architecture that addresses semantic
misalignment and vision-centric bias via a
two-stage hierarchical semantic interaction
mechanism, utilizing language instructions to
deeply align discriminative audio cues and
rich visual context.

* We introduce an interleaved token arrange-
ment strategy coupled with explicit tex-
tual timestamps, functioning as a temporal-
semantic anchoring mechanism that signifi-
cantly improves the LLM’s capacity to log-
ically reason over synchronized multimodal
sequences.

* We demonstrate that our unified model
achieves state-of-the-art performance on the
challenging LongVALE and VALOR bench-
marks for complex multi-task audio-visual
reasoning, alongside robust zero-shot gener-
alization across diverse multimodal bench-
marks.

2 Related Work

2.1 Audio-Visual Video Understanding

While Multimodal Large Language Models
(MLLMSs) have transitioned from early vision-
language models (Alayrac et al., 2022; Li et al.,

'Code is available at https://github.com/FlyingPTT/
emnlp2026-find-synav.

2023; Dai et al., 2023; Zhu et al., 2023; Liu et al.,
2023; Huang et al., 2023) to omni-modal video sys-
tems (Lin et al., 2024; Maaz et al., 2024; Zhang
et al., 2023; Li et al., 2025b; Song et al., 2024),
they remain predominantly vision-centric. This im-
pedes balanced multimodal fusion for crucial tasks
like fine-grained captioning (Geng et al., 2025;
Liu et al., 2025) and temporal grounding (Geng
et al.,, 2025; Huang et al., 2024). Existing ap-
proaches typically tackle grounding (Huang et al.,
2024; Pramanick et al., 2025; Qian et al., 2024; Lin
et al., 2023) or captioning (Tang et al., 2025a; Li
et al., 2024b; Zhang et al., 2025) in isolation, as
joint training often incurs a performance trade-off
due to inherent modality bias (Chen et al., 2023;
Elizalde et al., 2023). Furthermore, contemporary
models still struggle with this “feature space gap”:
Video-SALMONN (Tang et al., 2025a) lacks ex-
plicit timestamps for long-form precision, Qwen-
Omni (Xu et al., 2025) connects modalities without
fine-grained refinement, and TimeMarker (Chen
et al., 2024b) omits audio entirely. To overcome
the vision-centric bias, our framework explicitly
uses audio temporal dynamics as primary queries
to guide cross-modal fusion, ensuring balanced and
fine-grained modality integration.

2.2 Cross-Modal Alignment for Fine-grained
Video Understanding

Unlike methods relying on simple linear projec-
tors (LongVALE-LLM (Geng et al., 2025)), sym-
metric bidirectional cross-attention (Dolphin (Guo
et al., 2025)), or complex dual pathways (AV-
Master (Zhang et al., 2025)), our design lever-
ages audio’s temporal sensitivity as queries for
task-aware cross-modal alignment. While AVi-
cuna (Tang et al., 2025b) also interleaves audio-
visual tokens, it does so without deep cross-modal
fusion or explicit timestamp anchoring; our frame-
work uniquely combines frame-level interleaving,
explicit textual timestamps, and deeply fused se-
mantic anchors to actively resolve multimodal het-
erogeneity and guide complex sequential alignment.
Furthermore, while works like TimeChat (Ren
et al., 2024) and ARC-Chapter (Pu et al., 2025)
explore textual timestamps within vision-centric
pipelines, our framework uniquely interleaves time
tokens as semantic anchors with deeply fused fea-
tures to actively resolve multimodal heterogeneity
and guide complex sequential alignment.
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Figure 1: Overview of our proposed multimodal understanding framework. Different colors of tokens indicate the

fusion of information from different modalities.

3 Method

In this section, we detail our proposed framework
for multimodal understanding. As illustrated in
Figure 1, our approach consists of three main
stages: (1) modality-specific feature extraction, (2)
hierarchical multimodal token fusion, and (3) in-
terleaved token arrangement for Large Language
Model (LLM) processing.

3.1 Multimodal Feature Extraction

Given an input sample comprising audio A, visual
frames V/, and text T', we first employ modality-
specific encoders to extract feature representa-
tions. Unlike previous frameworks using dual au-
dio encoders for distinct tasks (e.g., LongVALE-
LLM (Geng et al., 2025)), we utilize a single, uni-
fied multi-task audio encoder to simplify cross-
modal alignment. Let E,yd4i0, Fuisual, and Fiext
denote the audio encoder, visual encoder, and text
embedding layer, respectively. The initial token
sequences are obtained as:

Ha = Eaudio(A)a
Hv = visual(v)a (1)
Ht = Etext(T>

where H, € RNexd H, € RN*d and H, €
RNVtxd represent the audio, visual, and text token
embeddings, with d being the hidden dimension.

3.2 Cross-modal Fusion Module vs. Standard
Cross-Attention

We introduce a unified cross-attention module,
Ffusion, to align variable-length multimodal se-
quences. Since standard cross-attention often
causes training instability and fails to effectively
leverage the complementary strengths of both
modalities, we propose a stabilized fusion mod-
ule:

Q = RMSNorm(Q) (2)
Jrfusion(Qy C) = Q + Dropout(
MultiHeadAttn(Q, C, C)) (3)

where query () is the primary signal and con-
text C' provides keys and values. To ensure nu-
merical stability during joint training, we integrate
Pre-Layer Normalization (RMSNorm) and residual
dropout. This bounds the operator norm, stabilizes
gradients, and prevents exploding activations be-
tween modalities.

3.3 Hierarchical Multimodal Fusion

We employ a decoupled semantic-spatiotemporal
alignment path. In the first stage, we use textual
semantic guides to bridge the conceptual gap be-
tween modalities, directing audio-visual encoder
tokens to focus on text query elements relevant to
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temporal descriptions. In the second stage, we ex-
ecute a visual-to-audio refinement that leverages
the time-sensitive characteristics of audio tokens
to enhance the temporal boundary representation
of audio-visual events, effectively adapting to both
synchronous and asynchronous or synergistic and
complementary states inherent within each event.

Both stages utilize the same Ffy5i0n (@, C') mod-
ule defined previously. While employing identical
architectures, they maintain independent learnable
parameters to capture distinct cross-modal correla-
tions.

In the first stage, we align audio and visual fea-
tures with textual semantics. We concatenate the
audio and visual tokens to form the query sequence
H.: = [Hy; H,|, and use text tokens H; as
the context. Let Fysion(Q, C) denote the Multi-
Head Cross-Attention (MHCA) based fusion block,
where Q acts as the query and C serves as the key
and value context. The aligned representation ﬂcat
is obtained as:

I:Icat = Jrfusion(Hcaty Ht) (4)

Subsequently, H.; is split back into updated
audio and visual tokens, ﬂa and fIv, according
to the original concatenation order: H,;H,] =
Hcat-

In the second stage, we further refine the audio
representations by leveraging the visual context.
Specifically, the updated audio tokens H,, serve as
queries (Q), while the updated visual tokens ﬂv
act as the grounding context (C). This yields the
final refined audio tokens ﬂa:

I:Ia = Ffusion(ﬁaa ﬁv) (5)

This mechanism allows the model to leverage vi-
sual cues to refine the auditory stream, thereby si-
multaneously enhancing the representation capabil-
ities for both fine-grained captioning and temporal
grounding tasks.

In summary, the feature sequences prepared for
the subsequent interleaved arrangement include the
twice-fused audio tokens ﬂa, the once-fused visual
tokens H.,,, and the original textual embeddings H,.

3.3.1 Multi-turn Inference Efficiency

A natural concern regarding our text-guided cross-
modal fusion is the potential computational over-
head during multi-turn dialogues, as changing text
instructions might imply recomputing represen-
tations. However, during inference, the heavy

modality-specific encoders (E yudio and E;sual)
are evaluated only once, and the resulting deep
features (H, and H,) are cached. For each new
dialogue turn, only the highly lightweight cross-
modal fusion module F,;0n, is re-executed with
the new text queries. This decoupled architectural
design intuitively ensures that multi-turn interac-
tions remain highly efficient without redundant fea-
ture extraction.

3.4 Interleaved Arrangement with Textual
Timestamps

To better leverage the refined features obtained
from our hierarchical fusion module, we employ a
frame-by-frame interleaved arrangement for audio-
visual tokens, with each pair preceded by an ex-
plicit textual timestamp (timey,) to achieve precise
temporal anchoring.

The relationship between the fused feature se-
quences and their segment-wise components is de-
fined as:

H,=[hL,....b™], H, =Y, .. . §©hM)
H, = [Hfrefix7 th)’ o ,HEtN), Hfuffza:}
(6)
represents the spatial patches of the
k-th visual frame, ﬁgk) denotes the auditory to-
kens partitioned along the temporal dimension, and
Hgtk) = Fjezt((timeg)) is the embedding of the
k-th timestamp.
The final input sequence S fed into the LLM is:

where flq(}k)

S = [H"™ (time;),h("), (M, ...

o 7

(timey), (), BV, H )

This arrangement better allows the LLM to rea-

son about the temporal dynamics of the audio-

visual content in conjunction with the textual in-
structions.

4 Experiments

4.1 Experimental Setup

We evaluate our method on fine-grained under-
standing benchmarks VALOR-32K (Liu et al.,
2025) and LongVALE (Geng et al., 2025), report-
ing Recall@1 at various IoUs and mloU for ground-
ing, and BLEU-4 (Papineni et al., 2002), ROUGE-
L (Lin and Och, 2004), METEOR (Banerjee and
Lavie, 2005), CIDEr (Vedantam et al., 2015), and
SODA.. (Fujita et al., 2020) for segment and dense
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Figure 2: Comparison of (a) temporal grounding and (b) captioning performance on LongVALE (L) and VALOR-
32K (V) datasets. R: Recall at different IoU thresholds, mloU: mean IoU. B@4: BLEU-4, M: METEOR, R:
ROUGE-L, C: CIDEr, S: SODA.. Seg: segment captioning, Den: dense captioning. Note that LongVALE-LLM*
represents a variant of the LongVALE-LLM baseline modified to use our unified foundational models (Qwen3-8B)
for an identical structural comparison, isolating architectural performance gains.

Table 1: Comparison of zero-shot accuracy (%) on audio-visual benchmarks.

Method | Size | Music-AVQA  AVSD  VGGSound
PandaGPT (Su et al., 2023) 13B 33.7 26.1 32.7
Macaw-LLM (Lyu et al., 2023) 7B 31.8 34.3 36.1
VideoLLaMA (Zhang et al., 2023) 7B 36.6 36.7 40.8
ChatBridge (Zhao et al., 2023) 13B 43.0 - -
X-InstructBLIP (Panagopoulou et al., 2024) | 13B 44.5 - -
AV-LLM (Shu et al., 2025a) 13B 45.2 52.6 47.6
OneLLM (Han et al., 2024) 7B 47.6 - -
AVicuna (Tang et al., 2025b) 7B 49.6 53.1 -
LongVALE-LLM (Geng et al., 2025) 7B 494 54.8 -
Ours | 8B |  58.05 59.8 50.1

captioning. For zero-shot evaluation, we assess
top-1 accuracy on audio-visual benchmarks (Music-
AVQA (Lietal., 2022), AVSD (Alamri et al., 2019),
VGGSound (Chen et al., 2020), AVQA (Yang
etal., 2022)) and general video benchmarks (Video-
MME (Fu et al., 2025), MVBench (Li et al., 2024b),
MLVU (Zhou et al., 2025), NextQA (Xiao et al.,
2021), EgoSchema (Mangalam et al., 2023)).

4.2 Main Results

4.2.1 Performance on Fine-grained
Grounding and Captioning

To evaluate the fine-grained understanding capa-
bilities of our model, we conduct experiments on
audio-video temporal grounding and captioning
(including segment and dense captioning) across
the LongVALE and VALOR-32K benchmarks. As
illustrated in fig. 2, our approach achieves a sub-
stantial and balanced performance boost compared
to the state-of-the-art baselines. On the temporal
grounding task (fig. 2a), our model demonstrates

superior localization precision, significantly out-
performing the baseline in terms of Recall@IoU
and mean IoU (mloU) metrics. This improve-
ment is particularly evident on the VALOR-32K
dataset, where our mloU increases significantly
from 12.93% to 38.64%, highlighting the effective-
ness of our proposed interleaved arrangement and
two-stage fusion. For captioning tasks (fig. 2b),
our model consistently yields higher scores across
both fragment-level segment captioning and global
dense captioning metrics. This dual-track improve-
ment validates that our balanced audio-visual syn-
ergy architecture significantly enhances both tem-
poral grounding precision and captioning accuracy.

To explicitly rule out the confounding fac-
tor of utilizing a more advanced foundational
model, we re-implement the state-of-the-art base-
line, LongVALE-LLM, substituting its legacy en-
coders with our exact setup (Qwen3-VL and
Qwen3-Omni). We denote this reproduced base-
line as LongVALE-LLM*. Note that LongVALE-
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Table 2: Comparison of zero-shot accuracy (%) on video understanding benchmarks.

| Size | Video-MME  MVBench MLVU  NextQA  EgoSchema
GPT-4V (OpenAl, 2023) - 59.9 43.7 - - -
VTimeLLM (Huang et al., 2024) 7B - - 41.9 - -
LLaVA-NeXT-Interleave (Li et al., 2025a) 7B - 53.1 - 78.2 -
LLaVA-NeXT-Video (Zhang et al., 2024) 7B - 46.5 - - 439
LLaVA-OneVision (Li et al., 2024a) 7B 58.2 56.7 64.7 794 -
Video-XL (Shu et al., 2025b) 7B 55.5 55.3 64.9 - -
Video-CCAM-v1.1 (Fei et al., 2024) 9B - 64.6 - - -
Video-CCAM-v1.1 (Fei et al., 2024) 14B 53.2 - 63.1 - -
TimeMarker (Chen et al., 2024b) 8B 57.3 67.4 63.9 - -
Ours | 8B | 62.3 66.2 66.8 78.4 44.6

Table 3: Fair comparison and SOTA baselines. LongVALE-LLM* uses the same Qwen3-8B backbone as SynAV;
its native fusion is a linear projector + concatenation, hence numerically equivalent to Naive Concat / Serial
[Video;Audio] in Tables 4 and 6. Video-SALMONN 2 and Dolphin are evaluated under the same protocol. All
SynAV gains over LongVALE-LLM* are significant (p < 0.01, paired ¢-test over three seeds); see Appendix D for
full mean=+std. (G) and (C) denote grounding (mloU) and captioning (CIDEr).

Method Params LongVALE VALOR Music-AVQA
mloU (G) CIDEr (C) | mIoU (G) CIDEr (C) Acc.
LongVALE-LLM (Geng et al., 2025) 7B 11.0 16.5 12.9 132 49.4
LongVALE-LLM* 8B 18.2 24.1 22.5 18.9 -
Video-SALMONN 2 (Tang et al., 2025a) - 19.4 30.1 24.8 39.5 54.6
Dolphin (Guo et al., 2025) - 17.6 26.3 22.1 34.7 52.9
SynAV (Ours) 8B 26.4 28.5 35.1 38.2 58.1

LLM’s native cross-modal fusion is a linear pro-
jector followed by simple concatenation (Eq. 2
in the original paper); therefore our faithful re-
implementation coincides numerically with the
Naive Concat and Serial [Video;Audio] baselines
reported in Tables 4 and 6. As shown in Table 3,
while the stronger backbone naturally elevates the
lower bound, it still falls significantly short of
SynAV (e.g., improving from 11.0 to 18.2 in mloU
on LongVALE, whereas SynAV reaches 26.4). This
fair comparison directly confirms that the core per-
formance gain inherently stems from our proposed
two-stage cross-modal fusion and interleaved ar-
rangement mechanisms, which bridge the modal
heterogeneity better than traditional projection-
based pipelines. All reported gains are statistically
significant at p < 0.01 (paired ¢-test over three ran-
dom seeds); detailed mean=std values are provided
in Appendix D.

We further compare SynAV against recent
audio-visual MLLMs not included in the orig-
inal LongVALE benchmark, namely Video-
SALMONN 2 (Tang et al., 2025a) and Dol-
phin (Guo et al., 2025). As shown in Table 3,
SynAV substantially outperforms both on tempo-
ral grounding (e.g., +6.9 mloU on LongVALE

and +10.3 on VALOR over Video-SALMONN 2)
and Music-AVQA accuracy. On captioning, Video-
SALMONN 2 is competitive (CIDEr 30.1 vs. our
28.5 on LongVALE; 39.5 vs. 38.2 on VALOR),
consistent with its strength in dense description
generation. Our primary advantage lies in tempo-
ral grounding and balanced audio-visual synergy
rather than pure captioning.

4.2.2 Audio-Visual and General Video
Understanding

We further evaluate the proposed framework on a
suite of zero-shot benchmarks to assess whether
our single-stage SFT preserves core omni-modal
capabilities and demonstrates robust generalization
in general video understanding. Firstly, within the
audio-visual domain, our model demonstrates re-
markable zero-shot performance on Music-AVQA,
AVSD, and VGGSound (Table 1), surpassing the
LongVALE-LLM baseline across the board. No-
tably, the accuracy on Music-AVQA reaches 58.1%,
reflecting a significant margin over previous best-
performing methods. Secondly, to test general
video perception, we evaluate on 5 comprehensive
benchmarks including Video-MME and MVBench.
As summarized in Table 2, our 8B model achieves
superior performance, notably reaching 62.3% ac-
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Table 4: Modality contribution analysis (A,ugi0). We compare our proposed hierarchical synergy mechanism
against a standard naive concatenation baseline using the same strong backbones. A,,q;, represents the absolute
performance gain achieved by adding the audio modality compared to the Video-Only baseline. (G) and (C) denote

the grounding and captioning tasks, respectively.

Architecture Modalit LongVALE VALOR Zero-shot Acc.
y mloU (G) CIDEr (C) | mloU (G) CIDEr(C) | AVQA Music-AVQA
Video Only 17.1 245 22.4 26.8 68.4 28.2
Naive Concat Baseline Audio Only 42 8.6 5.1 10.4 50.1 315
Video + Audio 18.2 24.1 225 18.9 70.1 354
Audio (Concat) +1.1 —-0.4 +0.1 —-7.9 +1.7 +7.2
SynAV (Ours) Video + Audio 264 28.5 35.1 38.2 85.0 58.1
y Agudio (SynAv) +9.3 +4.0 +12.7 +11.4 +16.6 +29.9

curacy on Video-MME and 66.2% on MVBench.
On MVBench, SynAV is competitive with Video-
CCAM (67.4%) but not universally leading, which
is expected given that our model is specialized for
audio-visual synergy rather than pure visual un-
derstanding. These results indicate that despite
being specialized on dense, time-aware supervision
(SFT), our architecture maintains and even lever-
ages its pre-trained knowledge to excel in broader
zero-shot reasoning tasks. This indicates that our
balanced synergy and hierarchical fusion mecha-
nism provide a more robust foundational represen-
tation for general video understanding.

4.3 Modality Synergy Analysis

4.3.1

To directly address whether the performance im-
provements of our model stem from the proposed
architecture rather than merely the adoption of
stronger backbones, we conduct a quantitative
modality contribution analysis. We define Ayygio
as the absolute performance gain achieved by com-
bining audio and video compared to a solely visual
baseline (i.e., Video Only).

As shown in Table 4, we compare SynAV against
a naive concatenation baseline that employs identi-
cal pre-trained backbones but fuses modalities via
simple sequence concatenation. The naive baseline
exhibits a severe vision-centric bias: its Agugio 1S
marginal to negative across temporal grounding and
fine-grained captioning tasks (e.g., —7.9 CIDEr
on VALOR), indicating that the LLM space fails
to effectively utilize native auditory features with-
out explicit cross-modal interaction. In contrast,
SynAV achieves a profound positive Ayygio aCross
all benchmarks. Most notably, on Music-AVQA,
the inclusion of audio within our framework yields
an unprecedented +29.9% boost in zero-shot ac-
curacy, compared to a mere +7.2% in the base-

Modality Contribution Analysis

line. While Music-AVQA is audio-dominant by
construction, the positive Ao On non-audio-
dominant benchmarks (LongVALE: +9.3 mloU,
+4.0 CIDEr; VALOR: 4+12.7 mloU, +11.4 CIDEr)
confirms that the balanced synergy generalizes
beyond audio-heavy tasks. These results explic-
itly prove that our two-stage hierarchical fusion
and interleaved arrangement mechanisms are the
true drivers for successfully mitigating the vision-
centric bias and activating deep audio-visual syn-

ergy.

4.3.2 Modality Robustness under
Perturbation

To further evaluate how our model mitigates vision-
centric bias in challenging, modality-imbalanced
scenarios—a critical concern raised in existing
omni-modal literature—we design a controlled per-
turbation study. Specifically, we apply two types
of degradation to the LongVALE validation set and
the Music-AVQA benchmark: 1) Visual Masking
(V-Mask), where 50% of the spatial patches in the
video frames are replaced with Gaussian noise to
simulate severe visual impairment, and 2) Audio
Masking (A-Mask), where the audio stream is en-
tirely muted.

As illustrated in Appendix E (Table 21), the
Naive Concat Baseline exhibits catastrophic per-
formance drops under visual masking (e.g., from
35.4% to 14.2% on Music-AVQA) while remain-
ing largely insensitive to audio masking. This con-
firms its deeply rooted vision-centric bias, treat-
ing audio merely as a dispensable auxiliary sig-
nal. Conversely, SynAV maintains robust perfor-
mance when visual cues are compromised, relying
on the intact audio stream to anchor the events.
Furthermore, SynAV demonstrates a substantial
performance dependency on the audio stream (ev-
idenced by the steepest drop under A-Mask on
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Music-AVQA, —28.6%), directly proving that our
architecture achieves a balanced modality reliance
and successfully integrates both streams into the
core reasoning process.

4.3.3 Audio-Dependent Reasoning

As illustrated in Appendix H.2 (Figure 4, top), we
compare our model with the vision-centric base-
line Video-LLaVA (Lin et al., 2024). In scenarios
where visual information is ambiguous or remains
relatively static over a period of time, our model
correctly leverages auditory cues to reason about
the scene. For instance, in a house tour video, our
model accurately identifies the Kyrgyz tradition of
hospitality based on narrated explanations within
the audio, whereas the baseline fails to perceive this
non-visual cultural concept. This confirms that our
two-stage fusion mechanism successfully grants
audio an equal representational status.

To further investigate how our model bridges the
feature space gap, we visualize the temporal distri-
bution of attention weights in Appendix H.2 (Fig-
ure 4, bottom). Whereas the vision-centric baseline
tends to rely excessively on visual cues, leading
to misaligned or incomplete event understanding
when visual information is insufficient, our model
exhibits a strong correspondence between the atten-
tion peaks and the predicted temporal boundaries.
This demonstrates our model’s ability to identify
complementary states between auditory and visual
streams to construct a cohesive omni-modal event.

4.4 Architecture Ablation Studies

In this section, we conduct extensive ablation stud-
ies to evaluate the effectiveness of our proposed
components and training strategies.

4.4.1 Component Effectiveness

Table 5: Ablation study on different components.
Comp.: Components, TT: Textual Timestamps, IA: In-
terleaved Arrangement, TSF: Two-stage Fusion. LV:
LongVALE, VA: VALOR. G: mloU for temporal
grounding, C: CIDEr for captioning.

Comp. LV

TTIATSF‘G C‘G C

7.8 205 | 94 6.8
115 221 | 142 124
162 254 | 21.5 25.6
v 264 285 | 351 382

v
v
v

ENEN

We investigate the contribution of the Textual
Timestamps (TT), Interleaved Arrangement (I1A),

and Two-stage Fusion (TSF). As shown in Ta-
ble 5, each component provides consistent improve-
ments. The combined model achieves the best per-
formance, especially in temporal grounding, where
the integration of TSF yields a significant boost
(+10.2% mloU on LongVALE and +13.6% on
VALOR compared to the IA-only baseline), high-
lighting its effectiveness in bridging modal hetero-
geneity and providing precise temporal cues.

Anomaly Analysis of the Base Variant. An in-
triguing observation from Table 5 is that the base
variant (lacking TT, IA, and TSF) yields an mloU
of merely 7.8 on LongVALE, which is lower than
the 11.0 mIoU achieved by the legacy LongVALE-
LLM (Table 3), despite utilizing a substantially
stronger LLM backbone. We attribute this anomaly
to modality interference and hallucination bias.
When raw, unaligned heterogeneous modalities are
directly concatenated and fed into a highly capa-
ble LLM without explicit synergy mechanisms, the
model tends to experience severe training instabil-
ity. The powerful LLM “shortcuts” the learning
process by over-relying on internal text priors (hal-
lucinating) rather than faithfully grounding the mis-
aligned multimodal inputs. Quantitatively, the base
variant exhibits a timestamp hallucination rate of
34.6% (predictions falling outside the video dura-
tion or yielding zero IoU), compared to only 8.7%
for the full SynAV model. This directly corrobo-
rates that scaling up the foundational backbone is
not a panacea; it necessitates our meticulously de-
signed cross-modal synergy architecture to stably
harness its full multimodal potential.

4.4.2 Token Arrangement Strategy

Table 6: Comparison of different token arrangement
strategies. LV: LongVALE, VA: VALOR. G: mloU for
temporal grounding, C: CIDEr for captioning.

LV VA
Strategy ‘ G C ‘ G C
Serial [Video; Audio] 182 241 | 225 189
Serial [Audio; Video] 175 238 | 21.0 174
Interleaved [V, A, V, A...] | 264 285 | 351 38.2

We compare our interleaved strategy with tra-
ditional concatenation methods (Table 6). The re-
sults demonstrate that the two serial [Video; Au-
dio] and [Audio; Video] baselines yield similar
performance, as the LLM primarily treats them as
independent, long-context sequences without deep
cross-modal awareness. In contrast, our interleaved
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arrangement allows the LLM to better perceive the
synchrony between modalities, leading to a signifi-
cant boost in temporal grounding tasks.

4.4.3 Fusion Direction Analysis

To isolate the contributions of the two fusion stages
and their directionality, we conduct a systematic
ablation varying the cross-modal fusion design. As
shown in Table 7, we compare seven configura-
tions: (i) Base (no TT/IA/TSF), (ii) Text-only (text-
guided fusion only, no AV cross-attention), (iii)
Stagel-only (text-to-AV alignment), (iv) Stage2-
only (audio-to-visual cross-attention), (v) A—V
(audio as query, visual as context), (vi) Bidirec-
tional (symmetric cross-attention), and (vii) our
V—A design (visual-to-audio refinement, i.e., au-
dio as query).

Table 7: Fusion direction ablation. LV: LongVALE, VA:
VALOR. G: mloU, C: CIDEr. Base = no TT/IA/TSF;
M-AVQA = Music-AVQA zero-shot accuracy.

. LV VA M-AVQA
Variant G C G c Ace
Base 7.8 121 | 109 113 49.2
Text-only 132 18.6 | 165 157 514
Stagel-only 157 213 | 19.8 184 53.0
Stage2-only 185 241 | 234 216 543
A—V 20.8 25.1 | 26.7 279 55.9
Bidirectional | 25.6 27.8 | 34.0 37.0 57.6
V—A (Ours) | 264 28.5 | 35.1 38.2 58.1

Three key findings emerge. First, each fu-
sion stage contributes independently: Stagel-only
(15.7) and Stage2-only (18.5) both exceed the Text-
only baseline (13.2) on LongVALE mloU, and
their combination (V—A) yields a synergistic gain
(26.4), confirming that the two stages are comple-
mentary rather than redundant. Second, the di-
rection matters: V—A outperforms A—V by +5.6
mloU on LongVALE and +8.4 on VALOR, indicat-
ing that using audio as the query to attend to visual
context is more effective for temporal grounding.
Third, bidirectional fusion (25.6) is slightly below
V—A (26.4), suggesting that a single, well-chosen
direction suffices and avoids unnecessary param-
eters. A detailed analysis of temporal anchoring
variants is provided in Appendix C.4.

For detailed analyses of normalization and train-
ing strategies, please refer to Appendix C.5 and
Appendix C.6.

5 Conclusion

In this paper, we propose SynAV, a novel MLLM
architecture that achieves state-of-the-art perfor-
mance in fine-grained audio-visual grounding
and captioning by addressing vision-centric bias
through a hierarchical two-stage fusion mechanism
and an interleaved token arrangement with textual
timestamps. We hope our preliminary exploration
of balanced synergy provides helpful insights for
the community, encouraging further investigation
into how intrinsic modality properties and task-
specific adaptability can inform more effective ar-
chitectural designs. Looking forward, we aim to
extend this unified approach to explore Mixture-
of-Experts (MoE) structures, reasoning-enhanced
“thinking” models, and the integration of a broader
range of heterogeneous multimodal tasks.

Limitations

Although SynAV achieves state-of-the-art perfor-
mance in audio-visual temporal grounding and fine-
grained captioning, it has several limitations:

* Computational Overhead & Context Limit:
While our cross-modal fusion reduces heavy
visual token redundancy, interleaving dense
audio-visual tokens with explicit textual times-
tamps for very long-form videos still de-
mands substantial context windows and mem-
ory from the LLM backbone.

Dependency on Audio Quality: As demon-
strated in our mask perturbation experiments,
SynAV heavily relies on audio signals to an-
chor temporal boundaries. In real-world sce-
narios with extreme background noise or cor-
rupted audio tracks, the performance may de-
grade.

Language Bias: Current experiments and in-
struction tuning are predominantly conducted
in English. The model’s cross-modal seman-
tic alignment capabilities in multilingual or
low-resource language settings remain to be
fully evaluated.
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A Potential Risks and Ethical
Considerations

While SynAV significantly advances fine-grained
audio-visual understanding through balanced
modality synergy, we acknowledge several poten-
tial risks and ethical considerations associated with
the development and deployment of such Multi-
modal Large Language Models (MLLMs):

* Privacy and Surveillance: The core strength
of SynAV lies in its precise temporal ground-
ing and dense captioning of audio-visual
events. If deployed in public or private moni-
toring systems without proper consent, these
fine-grained localization capabilities could be
misused for invasive automated surveillance
and unjust profiling.

* Bias and Fairness: Like many foundation
models trained on web-scale datasets, our
framework inherits the risk of amplifying de-
mographic, cultural, or gender biases present
in the training data. As noted in our limi-
tations regarding language bias, the model
may underperform or produce culturally mis-
aligned descriptions when processing content
from underrepresented communities.

* Misinformation and Malicious Use: The ro-
bust ability to align and reason over complex
audio-visual sequences could theoretically be
exploited by malicious actors. For instance,
the detailed semantic understanding could be
adapted to filter, segment, and manipulate me-
dia to generate highly convincing deceptive
content (e.g., deepfakes), thereby contributing
to the spread of misinformation.

We strongly advocate for the responsible use of
multimodal understanding systems, emphasizing
the necessity of human-in-the-loop oversight and
the development of robust bias-mitigation strate-
gies before any real-world deployment.

B System Efficiency Analysis

To address the computational overhead inherent
in processing long-form videos with multiple
modalities, we compare our model with standard
early-fusion baselines, Video-SALMONN (Tang
et al., 2025a), and standard late-fusion methods,
LongVALE-LLM (Geng et al., 2025). As shown
in Table 8, our proposed mechanism significantly

reduces memory consumption and inference la-
tency. The core driver of this efficiency is our
cross-modal alignment phase: by utilizing tem-
poral audio features as primary queries, we ap-
ply 8x mean-pooling to compress the audio to-
ken sequence before fusion, while the visual to-
ken count remains unchanged. Combined with the
backbone’s native 2x 2 spatial merge and the multi-
turn caching of modality encoder outputs, this de-
sign prevents the sequence length from exploding,
thereby mitigating the O(N?) complexity of the
LLM'’s self-attention mechanism. Consequently,
this bottleneck-alleviating compression transforms
a multimodal fusion necessity into an architectural
advantage, enabling significantly faster processing
throughput with lower memory footprints.

C Extended Ablation Study Results

This section provides comprehensive experimen-
tal data and analysis to complement the Abla-
tion Studies presented in the main paper. While
the main paper focuses on the most critical re-
sults, we here report extended metrics across mul-
tiple datasets (LongVALE (Geng et al., 2025) and
VALOR-32K (Liu et al., 2025)) and detailed per-
formance breakdowns for each module and strat-
egy of our SynAV framework. For each ablation
study, we conduct comprehensive evaluations on
both datasets, covering two key fine-grained tasks:
temporal grounding and segment captioning.

C.1 Component Effectiveness

We first investigate the individual contributions of
our proposed components: Textual Timestamps
(TT), Interleaved Arrangement (IA), and Two-stage
Fusion (TSF). As shown in tables 9 and 10, the
integration of each component leads to consistent
improvements across all fine-grained metrics on
both LongVALE (Geng et al., 2025) and VALOR-
32K (Liu et al., 2025) datasets.

Specifically, the use of TT and IA provides a
baseline for structured multimodal understanding,
but adding our TSF module yields a significant
boost in performance. In the temporal grounding
task (table 9), TSF results in an improvement of
+17.1% Recall@0.3 on LongVALE (Geng et al.,
2025) and +7.9% on VALOR-32K (Liu et al.,
2025), highlighting its effectiveness in bridging the
heterogeneity between audio and visual modalities.
Similarly, for segment captioning (table 10), the
synergy between the interleaved sequence and the
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Table 8: System efficiency comparison in terms of training memory per batch, inference latency (Speed), and
inference GPU memory. Evaluated on an H800 GPU utilizing an identical sequence of video inputs.

Method Train Mem (GB)  Speed (FPS) Inf Mem (GB)
Video-SALMONN 42.5 152 18.4
LongVALE-LLM 38.6 21.0 16.5
SynAvV (Ours) 28.4 36.5 12.8

fusion layer allows for more precise semantic gen-
eration, particularly reflected in the substantial in-
crease in CIDEr scores (+3.1 on LongVALE (Geng
et al., 2025) and +12.6 on VALOR-32K (Liu et al.,
2025)). These results confirm that our proposed
architecture successfully captures fine-grained tem-
poral and semantic dependencies.

C.2 Token Arrangement Strategy

We evaluate our interleaved token arrangement
strategy against traditional serial concatenation
methods (tables 11 and 12). The results show
that serial arrangements ([ Video; Audio] or [Audio;
Video]) perform similarly but significantly worse
than our interleaved approach.

As discussed in the main paper, such serial
strategies treat the modalities as independent long-
context sequences, failing to establish deep cross-
modal awareness. In contrast, our interleaved ar-
rangement allows the model to perceive temporal
synchrony directly within the sequence. This is ev-
ident in the grounding results (table 11), where
the interleaved strategy achieves a +14.5% im-
provement in Recall@0.3 on LongVALE (Geng
et al., 2025) compared to the [Video; Audio] base-
line. For segment captioning (table 12), we observe
that synchrony helps the model better align seman-
tic content with specific timestamps, resulting in
higher BLEU-4 and CIDEtr scores.

C.3 Modality Analysis

To investigate the synergy between audio and vi-
sual information, we conduct an ablation study on
modality combinations (tables 14 and 15). The re-
sults demonstrate that the multimodal “Video + Au-
dio” setting significantly outperforms both “Video
Only” and “Audio Only” configurations across all
metrics.

While visual information remains dominant in
many grounding and captioning scenarios, audi-
tory cues provide critical supplementary informa-
tion, especially in cases of high visual ambiguity or
off-screen events. In the VALOR-32K (Liu et al.,
2025) grounding task (table 14), adding audio leads

to a substantial performance leap compared to the
Video Only baseline (+6.9% R@0.3). For cap-
tioning (table 15), the inclusion of audio enhances
the richness and accuracy of descriptions. These
findings further support our hypothesis that SynAV
effectively mitigates vision-centric bias by lever-
aging audio-visual synergy for robust multimodal
reasoning.

C.4 Temporal Anchoring Mechanism

To verify that our interleaved arrangement with tex-
tual timestamps is both necessary and sufficient
for temporal alignment, we compare four variants
in Table 13: (i) None (pure interleaving without
textual timestamps), (ii) Plain (our default), (iii)
+ Time-local (restricting cross-modal attention to
a £5-second window), and (iv) + Cross-modal
(shared sinusoidal positional encoding indexed by
wall-clock time across modalities).

Removing timestamps causes a substantial drop
(—8.5 mloU on LongVALE), confirming that ex-
plicit textual timestamps are necessary for precise
temporal grounding. Adding more sophisticated
mechanisms (time-local attention or cross-modal
positional encoding) yields only marginal improve-
ments (< 0.4 mloU), all within the standard de-
viation of the plain timestamp variant. This indi-
cates that plain textual timestamps combined with
interleaving are both necessary and sufficient for
temporal anchoring, and that the LLM’s inherent
attention mechanism already captures cross-modal
temporal correspondence effectively when given
explicit timestamp anchors.

C.5 Normalization Analysis

We explore various normalization strategies within
the fusion module to stabilize the joint training
process (tables 16 and 17). Our empirical findings
suggest that applying RMSNorm exclusively to
the query (Pre-Q) provides the optimal balance of
training stability and representation power.
Compared to a vanilla setup without normal-
ization, the Pre-Q scheme significantly stabilizes
training gradients, which is crucial for high loU
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Table 9: Extended ablation study on component effectiveness for the temporal grounding task. Recall@1 at different

IoU thresholds and mean IoU (mloU) are reported. TT,

Arrangement, and Two-stage Fusion, respectively.

IA, and TSF denote Textual Timestamps, Interleaved

Configuration LongVALE VALOR-32K

R@03 R@05 R@0.7 mloU | R@0.3 R@0.5 R@0.7 mloU
Baseline 12.8 72 3.1 7.8 14.5 6.8 29 9.4
+TT 15.6 9.4 4.2 11.5 19.8 10.2 5.1 14.2
+TT +1A 24.2 14.8 6.5 16.2 314 18.5 9.4 21.5
+ TT + IA + TSF (Ours) | 41.3 27.6 15.5 26.4 39.3 38.7 38.0 351

Table 10: Extended ablation study on component effectiveness for the segment captioning task. TT, IA, and TSF
denote Textual Timestamps, Interleaved Arrangement, and Two-stage Fusion, respectively.

Configuration LongVALE VALOR-32K

B@4 R-L M C |B@e4 R-L M C
Baseline 41 182 85 205| 12 154 82 638
+TT 48 198 92 221 | 24 186 10.1 124
+TT + 1A 54 215 104 254| 52 235 124 256
+TT +IA + TSF (Ours) | 63 233 120 285 | 7.2 285 138 38.2

grounding results (R@0.7). Interestingly, adding
normalization to the context (Pre-Q + Pre-C) or ap-
plying post-attention normalization leads to a slight
performance degradation. We hypothesize that nor-
malizing context tokens might over-compress the
rich modality-specific features, whereas our selec-
tive Pre-Q approach ensures precise query-key in-
teraction without losing nuanced cross-modal in-
formation.

C.6 Training Strategy and Dataset Statistics

Finally, we investigate the impact of our single-
stage joint training strategy by comparing it against
two-stage sequential SFT alternatives (tables 18
and 19). The results clearly show that our single-
stage joint approach achieves superior results
across both tasks and datasets.

Dataset Statistics To ensure reproducibility and
transparency, we summarize the statistics of the pri-
mary datasets utilized in our training and evaluation
phases. For the LongVALE dataset, our data split
adheres to the standard configuration comprising
approximately 120,000 temporally grounded train-
ing examples, 1,500 validation examples, and 1,000
test examples. For the VALOR-32K dataset, the
split consists of 25,000 training videos, 3,500 vali-
dation videos, and 3,500 test videos. For the zero-
shot evaluation benchmarks (e.g., Music-AVQA,
AVSD, Video-MME), we strictly utilized their of-
ficial standard test sets, containing between 1,000
and 5,000 evaluation instances per dataset. No

samples from these zero-shot evaluation sets were
exposed during the training phase.

This reinforces the concept of mutual reinforce-
ment between grounding and captioning: precise
temporal localization provides more accurate con-
text for semantic descriptions, while rich seman-
tic reasoning helps the model better define fine-
grained temporal boundaries. Training on both
tasks simultaneously allows the model to leverage
this synergy, leading to significant gains—for ex-
ample, a +4.9% increase in mIloU on VALOR-
32K (Liu et al., 2025) compared to the best sequen-
tial strategy.

D Statistical Significance Analysis

Table 20 reports the mean and standard deviation
over three independent runs with different random
seeds for the key comparisons between SynAV and
the Naive Concat baseline under the same Qwen3-
8B backbone. All gains are statistically significant
at p < 0.01 (paired t-test).

E Modality Perturbation Robustness

To further evaluate how our model mitigates vision-
centric bias in challenging, modality-imbalanced
scenarios, we design a controlled perturbation
study. Specifically, we apply two types of degra-
dation to the LongVALE validation set and the
Music-AVQA benchmark: (1) Visual Masking
(V-Mask), where 50% of the spatial patches in
the video frames are replaced with Gaussian noise
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Table 11: Extended comparison of different token arrangement strategies for the temporal grounding task.

Strat LongVALE VALOR-32K

ateey R@0.3 R@0.5 R@0.7 mloU | R@0.3 R@0.5 R@0.7 mloU
Serial [Video; Audio] 26.8 16.4 7.2 18.2 32.5 194 10.2 22.5
Serial [Audio; Video] | 254 152 68 175 | 308 182 94 210
Interleaved (Ours) | 413  27.6 155 264 | 393 387 380 351

Table 12: Extended comparison of different token arrangement strategies for the segment captioning task.

Strate LongVALE VALOR-32K
24 B@e4 R-L M C |B@e4 RL M C
Serial [Video; Audio] | 5.1 20.8 102 24.1 | 42 205 11.2 189
Serial [Audio; Video] | 49 202 9.8 238 | 38 196 108 174
Interleaved (Ours) 63 233 120 285 | 7.2 285 138 38.2
Table 13: Temporal anchoring variants. LV = Long- et al., 2025). Our training follows a single-

VALE, VA = VALOR. Time-local = time-local cross-
attention; Cross-modal = cross-modal real-time posi-
tional encoding. All use the same backbone and fusion

configuration; only the temporal alignment mechanism
differs.

Variant Lv VA
mloU CIDEr | mloU CIDEr
None 17.9 20.8 23.1 26.4
Plain (Ours) 26.4 28.5 35.1 38.2
+ Time-local 26.6 28.7 35.0 38.5
+ Cross-modal 26.5 28.3 353 38.1

to simulate severe visual impairment, and (2) Au-
dio Masking (A-Mask), where the audio stream
is entirely muted. As shown in Table 21, the
Naive Concat Baseline exhibits catastrophic perfor-
mance drops under visual masking while remaining
largely insensitive to audio masking, confirming
its deeply rooted vision-centric bias. Conversely,
SynAV maintains robust performance when visual
cues are compromised, relying on the intact au-
dio stream to anchor the events, and demonstrates
a substantial performance dependency on the au-
dio stream, directly proving that our architecture
achieves a balanced modality reliance.

F Training Implementation Details

This section provides comprehensive details on the
training configurations, models, and datasets.

For our model components, we employ SigLIP-
2 (Tschannen et al., 2025) as the visual encoder
and the Audio Transformer (AuT) from Qwen3-
Omni (Xu et al., 2025) as the audio encoder.
The text backbone is based on Qwen3-VL (Bai

stage end-to-end approach, optimized using a
unified autoregressive Cross-Entropy (CE) loss:
L = —> log P(s|s<i, Hy,H,), which covers
both temporal grounding and fine-grained caption-
ing. We jointly train the model on a composite
dataset including LongVALE (Geng et al., 2025),
VTimeLLM (Huang et al., 2024), and VALOR-
32K (Liu et al., 2025).

During training, SynAV and all adapter layers
(including fusion modules and projectors) are un-
frozen, while all modality encoders and the text em-
bedding layer remain frozen to preserve their pre-
trained representational power. We use the AdamW
optimizer with a cosine learning rate scheduler,
starting from a peak learning rate of 2 x 10~° and
decaying to 1 x 1075, All experiments are con-
ducted on 32 NVIDIA H800 (80GB) GPUs with a
total batch size of 32 (1 sample per GPU), utilizing
Fully Sharded Data Parallel (FSDP) for memory
efficiency. To ensure robustness, all quantitative re-
sults reported in this paper are the average of three
independent runs with different random seeds.

F.1 Details of Training Data Construction

As mentioned in the main paper, our model
is jointly trained on a composite dataset
including LongVALE (Geng et al., 2025),
VTimeLLM (Huang et al., 2024), and VALOR-
32K (Liu et al., 2025).

For LongVALE (Geng et al.,, 2025) and
VTimeLLM (Huang et al., 2024), the original an-
notations are naturally aligned with our proposed
fine-grained grounding and captioning training ob-
jective. Specifically, their structured event-level
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Table 14: Impact of different modality combinations on the temporal grounding task.

Modali LongVALE VALOR-32K

odalty R@03 R@0.5 R@0.7 mloU | R@0.3 R@0.5 R@0.7 mloU
Video Only 252 148 64 171 | 324 198 104 224
Audio Only 48 25 12 42 | 62 38 18 5.1
Video + Audio (Ours) | 413  27.6 155 264 | 393 387 380  35.1

Table 15: Impact of different modality combinations on the segment captioning task.

Modalit LongVALE VALOR-32K
odality B@4 RL M C |B@4 RL M C
Video Only 52 212 108 245]| 58 242 121 268
Audio Only 14 92 45 86| 18 105 52 104
Video + Audio (Ours) | 6.3 233 120 285 | 7.2 285 138 382

descriptions and precise temporal boundaries are
directly integrated into our interleaved audio-visual
token arrangement without further semantic modi-
fication.

For VALOR-32K (Liu et al., 2025), although
it provides rich fine-grained annotations, its orig-
inal data format requires minor adjustments to
fit our unified generative framework. We extract
the segment-level captions and their correspond-
ing timestamps, reformatting them into the explicit
textual timestamp sequences ((timeg)) used in our
training pipeline.

Furthermore, we follow a rigorous data splitting
protocol for VALOR-32K (Liu et al., 2025) to en-
sure fair evaluation. A specific subset is reserved
exclusively for testing, while the remainder is used
for training. All experimental results reported for
VALOR-32K (Liu et al., 2025) in the main paper
are based on this dedicated test set, which remains
strictly mutually exclusive from the training subset.
This ensures that the model’s reported performance
reflects its genuine generalization capability on syn-
chronized audio-visual understanding.

G Evaluation Setup

In this section, we provide the specific configura-
tion details for evaluating our model on various
tasks, including the prompts used and the decoding
strategies applied.

G.1 Evaluation Prompts

We use specific prompts for evaluating our model
on various tasks, including temporal grounding,
segment captioning, and dense video captioning.
To ensure a fair comparison, the prompt templates

for these tasks follow the exact settings used in
LongVALE (Geng et al., 2025). The templates are
shown in fig. 3.

G.2 Decoding Configurations

For all inference tasks, we employ a sampling-
based decoding strategy to enhance the diversity
and naturalness of the generated descriptions. Fol-
lowing the configuration of our underlying lan-
guage model, we set the temperature to 0.7, top-p
to 0.8, and top-k to 20. The repetition penalty is
maintained at 1.0.

H Extended Qualitative Results

H.1 Calculation of Audio-Visual Attention
Weights

To visualize the contribution of different modalities
and provide a unified interpretation of the atten-
tion distributions presented in both the main paper
and this supplementary material, we derive a one-
dimensional temporal attention distribution from
the original two-dimensional attention matrix of
our proposed SynAV.

Specifically, we focus on the self-attention
weights in the 24th layer of SynAV, which rep-
resents the high-level semantic integration stage
for generating dense event descriptions and precise
temporal boundaries.

Let Houffix = {hﬁufﬁ"}fvzsl be the set of text to-
kens in the suffix sequence (representing the gen-
erated captions, dense descriptions, or grounding
results), and Sy, be the sequence of interleaved
multimodal tokens. According to our arrangement
strategy, the multimodal sequence is organized as:

Smm = ..., (timey,), b b .]  (8)
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Table 16: Ablation of normalization strategies within the fusion module for the temporal grounding task.

Normalization LongVALE VALOR-32K

R@03 R@0.5 R@0.7 mloU | R@0.3 R@0.5 R@0.7 mloU
None 342 21.5 10.8 22.8 31.5 24.8 18.2 28.6
Pre-Q + Pre-C 38.5 25.4 13.2 25.1 36.4 325 28.4 324
Post 32.8 20.4 9.5 21.5 29.8 22.5 154 26.9
Pre-Q + Pre-C + Post | 37.4 24.8 12.8 24.8 35.8 31.8 272 31.9
Pre-Q (Ours) 41.3 27.6 15.5 26.4 39.3 38.7 38.0 351

Table 17: Ablation of normalization strategies within the fusion module for the segment captioning task.

Normalization LongVALE VALOR-32K

B@4 R-L M C |B@e4 R-L M C
None 52 204 98 241 | 51 228 105 254
Pre-Q + Pre-C 5.8 221 112 272 | 64 265 124 34.1
Post 49 198 94 234 | 48 215 101 238
Pre-Q + Pre-C + Post | 5.7 21.8 11.0 269 | 6.2 26.1 12.1 335
Pre-Q (Ours) 63 233 120 285 | 7.2 285 13.8 38.2

where BS,’“ and ﬁg’“) are the visual patch tokens and
audio segment tokens corresponding to the k-th
timestamp.

For each suffix token h"fix et A%ZM) denote
its attention weight towards the j-th multimodal to-
kenm; € Sy, in the 24th layer. The raw attention
map is a matrix A € RNs*Nmm We collapse this
into a temporal distribution by averaging over the
suffix tokens:

_ 1 (24)
4= 3 > AL 9)

i=1

To obtain continuous temporal distributions for
both auditory and visual modalities, we aggregate
these weights using a sliding window of 5 sec-
onds. Let 7" be the total duration of the video. We
define the modality-specific time-windowed atten-
tion weights W, (t) and W, (t) for a time interval
[t,t + At) where At = 5s:

D

j:time(my)€[t,t455),m;EMy,

Wm(t) = aj, mEeE {CL,

(10)
where time(m) denotes the timestamp associated
with the j-th multimodal token, and M, M, rep-
resent the sets of audio and visual tokens, respec-
tively. This aggregation ensures that all audio and
visual tokens within the same 5-second window
contribute to their corresponding local attention
scores, providing a clear indication of which tem-

poral segments and modalities the model priori-

tizes during the generation of fine-grained captions,
dense descriptions, and grounding outputs.

H.2 Qualitative Analysis

In this section, we provide qualitative examples in-
cluding the one discussed in the main paper (fig. 4)
and two additional cases (figs. 5 and 6). These re-
sults further demonstrate the effectiveness of our
SynAV in handling complex multimodal scenarios.

The first case (fig. 5) highlights a scenario of
audio-visual synergy required for fine-grained un-
derstanding. While the visual modality provides
a general overview of a woman in a blue blazer
or blouse conducting interviews, which persists
across many segments, the model must integrate
specific audio cues to correctly distinguish and
ground the exact event among multiple visually
similar segments. As illustrated, while the base-
line model provides a fragmented description and
suffers from “visual generalization” (leading to
low IoU), SynAV accurately captures the nuanced

v} audio-driven events and achieves precise grounding

by anchoring the visual perception with synchro-
nized audio peaks.

The second case (fig. 6) demonstrates another
critical challenge where over-reliance on the visual
modality leads to errors. In this video, there are
adjacent and continuous segments that are visu-
ally very similar but correspond to different audio-
visual events. A vision-centric approach tends to
focus on these neighboring segments incorrectly,
causing both temporal grounding and captioning
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Table 18: Comparison of different training strategies for the temporal grounding task.

Strategy

LongVALE VALOR-32K
R@0.3 R@0.5 R@0.7 mloU | R@0.3 R@0.5 R@0.7 mloU

Two-stage SFT (G — C)
Two-stage SFT (C — G)
Single-stage Joint SFT (Ours)

354 22.8 11.5 232 32.8 25.4 18.5 27.4
36.8 24.1 12.2 24.5 342 28.6 21.8 30.2
41.3 27.6 15.5 26.4 39.3 38.7 38.0 35.1

Table 19: Comparison of different training strategies for the segment captioning task.

Sirat LongVALE VALOR-32K

aleey B@ RIL M C |B@ RL M C
Two-stage SFT (G — C) 58 224 115 271| 62 258 11.8 324
Two-stage SFT (C — G) 55 212 108 258 | 58 245 112 30.1

Single-stage Joint SFT (Ours) | 6.3 233 12.0 28,5 | 7.2 28.5 13.8 38.2

tasks to fail. By contrast, our method achieves ro-
bust audio-visual synergy, allowing it to correctly
identify the target event and produce precise results
where visual cues alone are ambiguous.

H.3 AI Assistance in Writing

During the preparation of this manuscript, we uti-
lized Gemini-3.1-pro-preview to polish the manu-
ally written initial drafts and to correct grammatical
errors. All authors reviewed and approved the final
version, and take full responsibility for the content
of this publication.
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Table 20: Mean =+ standard deviation over three random seeds. A denotes the absolute gain of SynAV over Naive
Concat. All p-values are from a paired ¢-test.

Method \ LongVALE mloU VALOR mloU  Music-AVQA Acc.
Naive Concat 18.24+0.3 22.5+£04 35.4+0.5
SynAV (Ours) 26.4+04 35.1+£0.5 58.1+0.4

A (gain) +8.2 +12.6 +22.7
Significance p < 0.01 p < 0.01 p < 0.01

Table 21: Robustness under modality perturbation. V-Mask applies severe noise to the visual stream, and A-Mask
mutes the audio stream. Unperturbed scores are 18.2 (mIoU) / 35.4% (Acc) for Naive Concat, and 26.4 / 58.1% for
SynAV. Values in parentheses denote the absolute performance drop.

Model V-Mask A-Mask V-Mask A-Mask

Naive Concat 8.5 (—9.7) 17.1 (—1.1) ‘ 14.2 (—21.2) 28.2 (—7.2)
SynAV (Ours) 16.8 (—9.6) 17.1 (—9.3) 42.6 (—15.5) 29.5 (—28.6)

‘ LongVALE (mloU |) ‘ Music-AVQA (Acc. )

Task: Temporal Grounding

At which time interval can we find <enent> taking place in the video?
Give the timestamps in the fromat: From xx to xx.

Task: Dense Captioning

Could you please detail the events that took place during different time
segments in the video? List the events in the format:
From xx to xx, eventl.
From xx to xx, event2.

Task: Segment Captioning

Can you describe what occurred from <start> to <end> in the video?
Please give the event description directly.

Figure 3: Specific prompt templates used for different tasks: Temporal Grounding, Dense Captioning, and Segment
Captioning.
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Question: Describe the video content in the [224.1, 342.8] time interval.

Baseline Answer: "The camera pans across a peaceful landscape of fields and trees, then focuses on a
window with a colorful curtain before settling on a weathered wooden door. A woman speaks in a
foreign language, describing the garden and a nearby building used for bathing."

Ours Answer: "The camera moves from a peaceful landscape into a house, showing a shoe
rack and a cozy room. The narrator describes the kitchen and the guest room, highlighting
the Kyrgyz tradition of hospitality."

Qualitative Result of Temporal Grounding

GT B Ours (IoU=0.79) Baseline (IoU=0.21)
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Figure 4: Qualitative results of our framework discussed in the main paper. Top: Comparison of audio-dependent
QA results between Video-LLaVA (Lin et al., 2024) and our model. Middle: Visualization of predicted temporal
grounding boundaries compared with the ground truth. Bottom: Temporal distribution of cross-modal attention
weights during the reasoning process.
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T=126s

Question: Describe the video content in the [97.8, 126.2] time interval.

Baseline Answer: "A female host is presenting in the video, with scenes of a gathering crowd
interspersed throughout. She is dressed in blue clothing, holding a microphone, and smiling
warmly while interacting with the audience. In the background, other women in traditional attire
can be seen clapping and greeting one another, creating a lively and joyful atmosphere."

Ours Answer: "The video shows a group of women in colorful clothes joining hands,
followed by a woman in a blue blazer talking against a plain wall. She is then seen on a
beach applying lotion and later standing in front of a beige wall holding a microphone.
Finally, the scene returns to the group where she is holding a plate of food while people
clap. The content appears to be a general lifestyle interview based on the changing
backgrounds and gestures."

Qualitative Result of Temporal Grounding
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Figure 5: Qualitative results of our framework (the first additional case in the supplementary material), with the same
layout as the case in the main paper. Top: Comparison of audio-dependent QA results between Video-LLaVA (Lin
et al., 2024) and our model. Middle: Visualization of predicted temporal grounding boundaries compared with the
ground truth. Bottom: Temporal distribution of cross-modal attention weights during the reasoning process.
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T=360s T=361s T=364s

Question: Describe the video content in the [356.5, 364.3] time interval.

Baseline Answer: "The video showcases an amusement park featuring orange and blue roller coasters
(including the Hysteria coaster) climbing steep inclines and twisting through lush greenery, a large
yellow roller coaster, a sunlit Ferris wheel with passengers, a blue water slide with people splashing
down, and a man on a boat in the water park, all set against clear blue skies and vibrant green
surroundings."

Ours Answer: "A man on a whimsical boat smiles at the camera as upbeat music plays, the
vessel gracefully gliding through the water with the lively atmosphere of the water park
in the background contrasting with the calmer, almost magical scene in the foreground."

Qualitative Result of Temporal Grounding
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Figure 6: Qualitative results of our framework (the second additional case in the supplementary material), with
the same layout as the case in the main paper. Top: Comparison of audio-dependent QA results between Video-
LLaVA (Lin et al., 2024) and our model. Middle: Visualization of predicted temporal grounding boundaries
compared with the ground truth. Bottom: Temporal distribution of cross-modal attention weights during the
reasoning process.
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