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Abstract. Dense video captioning aims to generate temporally grounded
descriptions of video events, benefiting both event-level video understand-
ing and generation. In this domain, autoregressive video large language
models have emerged as a prevalent paradigm due to their strong gen-
erative and cross-modal modeling capacity. However, generating dense
captions under the token-by-token paradigm severely limits inference effi-
ciency and hinders scalability as video length and event density increase.
In this work, we propose a parallelized autoregressive framework that
not only improves generation efficiency but also enhances temporally
grounded captioning performance. Our key insight is to exploit the weak
local dependencies across temporally distinct events to restructure the
causal dependency graph, thereby enabling lossless parallel generation.
Specifically, tokens with weak cross-event dependencies can be decoded in
parallel, while tightly coupled tokens within each event retain sequential
decoding to preserve local semantic coherence. To realize this insight, we
introduce two key components for lossless parallel decoding: (1) a latent
global planning mechanism that automatically learns the event-level struc-
ture and produces compact tokens encoding global inter-event causality
while adaptively aggregating event-level audio-visual semantics, guiding
subsequent dependency restructuring and parallel decoding; and (2) an
event-factorized parallel decoding mechanism that effectively balances
local focus with global inter-event awareness. Experiments on various
benchmarks demonstrate the clear advantage of our approach in both
efficiency and performance in omni-modal event grounding and captioning.
Project website: https://github.com/showlab/PadCaptioner.
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1 Introduction

Dense Video Captioning (DVC) addresses the problem of describing multiple
temporally localized events in untrimmed long videos [13,24, 75]. Unlike con-
ventional video captioning, which typically produces a single global description,
DVC requires jointly localizing densely occurring, semantically meaningful events
and generating a temporally grounded caption for each event. This makes DVC
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Fig. 1: Left: Comparison of token dependency modeling and decoding strategies
between existing Video-LLM-based captioning models and ours. We achieve lossless
parallel autoregressive decoding under a model-inferred restructured dependency graph.
Right: Our method surpasses the previous SOTA [8] in both grounded captioning
accuracy and decoding efficiency on the LongVALE benchmark [13].

substantially more challenging, yet highly valuable for applications such as ego-
centric perception [5,14,15], video narration [6,7,63], embodied agents [4, 11],
video search and indexing [64], and multi-event video generation [59, 60].

To tackle DVC, autoregressive video large language models (Video-LLMs) have
emerged as a dominant paradigm due to their strong generative capacity and cross-
modal reasoning ability. By modeling video and language in a unified sequential
framework, they provide a scalable solution for end-to-end event localization
and caption generation. However, the strictly token-by-token decoding process
incurs substantial latency. This issue is particularly severe in DVC, where each
densely localized event requires generating a detailed multi-token description
within a long-form video. As video length and event density increase, the total
number of decoding steps grows rapidly, rendering sequential autoregressive
decoding increasingly inefficient for long-form scenarios [47]. Although recent
diffusion-based LLMs (dLLMs) seek to accelerate generation through parallel
decoding, they inherently face a dilemma in simultaneously matching both the
efficiency and effectiveness of strong autoregressive models [44]. This issue is
even more pronounced in video understanding scenarios, which remains relatively
underexplored by advanced diffusion-based models [19,67].

In this work, we propose PadCaptioner, a parallelized autoregressive frame-
work that not only improves captioning efficiency but also enhances omni-modal
temporal event grounding and caption quality. We argue that the sequential
dependency chain modeled in autoregressive decoding frameworks is not strictly
necessary for every token, and tokens with weak local dependencies can be pre-
dicted in parallel without sacrificing performance. Based on this observation, our
key insight is to exploit the weak local dependencies across temporally distinct
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events to restructure the causal dependency graph, thereby enabling lossless
parallel generation. Specifically, tokens with weak cross-event dependencies can
be decoded in parallel, while tightly coupled tokens within each event retain
sequential decoding to preserve local semantic coherence. However, naively ap-
plying such a strategy raises two fundamental challenges. First, identifying an
appropriate event-level structure for dependency reformulation that enables valid
parallel generation—particularly when learned automatically from raw video
inputs—remains a challenge. Second, fully isolated event-wise parallel generation
may overlook useful non-local dependencies among temporally distant events.

To address these challenges, we introduce a latent global planning mechanism
that explicitly models non-local event-level structure before parallel decoding. As
shown in Fig. 1, conditioned on the audio-video input, the model first autore-
gressively generates a sequence of compact global event tokens {G', G2, ..., GK}.
Each event token aims to ground and represent one temporally coherent event
in the video. By generating these event tokens sequentially, the model preserves
inter-event causal dependencies, forming a globally coordinated temporal struc-
ture. Meanwhile, each event token adaptively aggregates salient audio-visual
information from its captured event, establishing enriched representations that
facilitate subsequent event-wise decoding.

Guided by these globally coordinated event tokens, the model then transitions
to an event-wise decoding phase. Rather than generating all caption tokens
sequentially, we reformulate the token-level dependency graph according to
the planned event-level structure, decomposing generation into multiple event-
conditioned subchains. Each subchain, anchored by its corresponding global
event token G?, can be decoded in parallel across events. Meanwhile, within each
subchain, sequential autoregressive generation is preserved to maintain strong
intra-event dependencies and ensure local semantic coherence. At the same time,
we adjust the inter-token visibility so that local tokens belonging to different
subchains are prevented from attending to one another, eliminating unnecessary
cross-event interference. Besides, each subchain retains full access to the shared
global event tokens, allowing local event-wise generation to remain aware of
global inter-event dependencies.

We conduct extensive experiments to evaluate the effectiveness of our frame-
work. As shown in Fig. 1, our approach achieves SOTA performance on both
event grounding and captioning, while delivering a 3.8 x actual wall-time decoding
speedup. Besides, it also demonstrates strong generalization to other temporally
grounded omni-modal video understanding tasks as verified by the experiments.

2 Related Work

Dense video captioning. Early dense video captioning (DVC) methods typically
follow a proposal-and-caption paradigm, where temporal event segments are first
localized and then described using sequence decoders 24,31, 38, 76]. Subsequent
query-based approaches replace explicit proposal generation with learnable event
queries, enabling joint event localization and caption prediction within a unified
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detection-style framework [22,35,54,58]. More recently, DVC has increasingly
adopted video large language models as the dominant paradigm [13,17,21,23,34,
42,46, 64]. Benefiting from powerful pretrained backbones with strong language
priors and cross-modal reasoning capabilities, these models achieve superior
performance and exhibit broader task generalization compared to traditional
task-specific DVC frameworks. However, their strictly sequential decoding process
results in substantial inference latency, particularly due to the dense and multi-
sentence generation nature of dense video captioning. In this work, we aim
to improve not only the decoding efficiency but also the event grounding and
captioning accuracy of prevalent autoregressive frameworks.

Parallel prediction in sequential generation. Parallelization has been ex-
plored in various fields to improve efficiency of sequential generation. In language
modeling, diffusion-based LLMs generate tokens through iterative refinement
rather than strict left-to-right decoding [39,69]. Although these methods intro-
duce position-wise parallelism, they typically require multiple refinement steps
and cannot fully exploit KV cache acceleration, resulting in limited practical
speedup over autoregressive (AR) decoding [1,55]. Moreover, they struggle to
simultaneously match the efficiency and generation quality of strong AR-based
models [44], especially in multimodal and video understanding scenarios [19,67,68].
In visual autoregressive generation, various methods [18,26,40,57,74] achieve
parallel decoding by reorganizing dependencies over image tokens. They operate
under a fixed spatial token layout with predetermined output cardinality, a
structural assumption that does not hold in dense video captioning. Unlike visual
generation, DVC requires producing variable-length textual outputs organized
around dynamically evolving events, thereby introducing structural challenges
that cannot be addressed by existing methods.

Within the DVC domain, conventional query-based methods such as PDVC [54]
support parallelized event-level caption generation. However, their architectures
substantially differ from the autoregressive transformer paradigm adopted by
modern pretrained multimodal LLMs (MLLMSs). As a result, they cannot inherit
the rich world knowledge, response generation ability, and vision-language priors
encoded in well-trained MLLMs, leading to suboptimal performance and lim-
ited generalization. In contrast, our work enables MLLM-native parallel caption
generation through principled architectural repurposing, thereby naturally lever-
aging strong vision-language priors while addressing the inefficiency of modern
autoregressive decoding.

Latent reasoning. Latent reasoning augments sequence generation with interme-
diate latent tokens that enable structured reasoning before producing final outputs.
Representative approaches generate intermediate visual representations in the
latent space to facilitate grounded image [32,49] and video perception [41,70],
as well as long-horizon reasoning tasks [10,25,53,65]. Our work employs latent
planning to reason about event-level structure, with the goal of exploiting weak
inter-event dependencies to restructure the conditional dependency graph, thereby
enabling structured and lossless parallel decoding. During the latent planning
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stage, we also explore effective mechanisms to adaptively aggregate audio-visual
semantics into the latent tokens to facilitate expressive decoding.

Temporally grounded multimodal LLMs. Temporally grounded multimodal
LLMs aim to enhance time awareness and event-grounded perception in video-
language understanding [16,21, 34,46, 56,70, 73]. Most existing approaches are
built upon visual-only architectures [2,3,9,16,17,21,27,29,30,34,43,46,56,70,71].
Recently, several audio-visual (omni) LLMs have been proposed to incorporate
acoustic cues for audio-visual perception [48,52,61,62,72]. However, their temporal
grounding capability remains unsatisfactory [8,13,33]. In this work, we develop an
omni-modal LLM that natively supports both visual and audio perception. While
our primary focus is on improving both accuracy and decoding efficiency for
dense video captioning through structured parallel autoregressive decoding, our
framework also demonstrates strong generalization to other temporally grounded
video understanding tasks, as validated by extensive experiments.

3 Method

3.1 Preliminary

We first outline the standard Omni-LLM architecture, which consists of modality-
specific encoders and an LLM decoder. Given a video V with synchronized audio
A, the visual and audio streams are encoded into token sequences Z, € RNv*D
and Z, € RN«*P where N, and N, correspond to the lengths of the visual and
audio token sequences, respectively. D is the hidden dimension of the LLM. To
preserve temporal alignment, the video is partitioned into T' segments according
to the visual frame sampling interval, where each segment corresponds to one
sampled frame and its temporally aligned audio span. Tokens within the same
segment are grouped as multimodal chunks Cy = [Z7, Z!] € RVu+N) D viclding
the sequence Fyy = {C;}]_,. This multimodal sequence is then concatenated with
the textual instruction embeddings F € RNe*P to form the prefix P for the
Omni-LLM decoder. The model then generates output tokens autoregressively:

L; ~P(L; | P,L.;), (1)

where each generated token L; is sampled from the distribution P generated
by the LLM decoder, under the condition of prefix input P and all previously
generated tokens L ;.

3.2 Method Overview

In this work, we argue that the strictly sequential dependency chain (Eq. 1)
adopted in existing frameworks is not uniformly necessary for every token,
and that tokens with weak dependencies can be generated in parallel without
sacrificing performance. Specifically, video content is inherently organized into
temporally distinct events, providing a natural structural basis for dependency
decomposition. Fine-grained semantic interactions are typically concentrated
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Fig. 2: The overall pipeline of the proposed parallelized autoregressive decoding frame-
work, where we set the model-inferred event count K = 3 for illustration.

within event boundaries, while cross-event relations are largely governed by
higher-level global semantics. Consequently, enforcing detailed token-level causal
dependencies across events introduces redundant serialization, where such cross-
event interactions can instead be conveyed through compact global representations
that preserve inter-event coherence while relaxing unnecessary coupling.

Motivated by this observation, we propose a parallelized autoregressive frame-
work that restructures the dependency graph to enable efficient parallel generation
while maintaining or even strengthening the temporally grounded caption quality.
As illustrated in Fig. 2, the framework comprises two core components: (1) a
latent global planning mechanism that discovers a valid event-level structure to
guide dependency reformulation and aggregate event-centric audio-visual seman-
tics for subsequent parallel decoding, and (2) a parallelized decoding strategy
that balances local semantic coherence with global structural awareness, enabling
lossless grounded caption generation.

3.3 Latent Global Planning

As shown in Fig. 2, conditioned on the multimodal prefix P, the model au-
toregressively generates a sequence of global event tokens {G!,G?,...,G¥ S},
where each token G' is intended to encode a temporally coherent event as a
condensed semantic representation in the latent space, and another special token
S will be generated at the end of the planning stage. Notably, the number of
events K is not predefined but adaptively inferred, enabling the model to capture
the intrinsic temporal structure of each video rather than imposing a rigid and
potentially unsuitable partition. This learned event-level abstraction decomposes
the video into semantically coherent units prior to local textual token genera-
tion, establishing structured anchors that guide subsequent dependency graph
reformulation and parallel decoding.

Technically, the latent global token G* is implemented by introducing a special
token <G> into the vocabulary, which the model is trained to autoregressively
predict during the planning stage. To ensure that the planned event-level abstrac-
tion provides structurally valid and semantically sufficient anchors for subsequent
parallel decoding, we introduce the following mechanisms.
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Explicit Event Grounding Constraint For the planned event-level structure
to effectively support subsequent dependency graph reformulation and parallel
decoding, the generated global event tokens should be temporally grounded.
In the dense video captioning task, the annotated ground-truth event intervals
naturally define a temporally grounded semantic partition of the video. We
leverage this structural prior during training to guide the learning of global event
tokens, encouraging them to align with meaningful event-level units.

Specifically, inspired by feature matching-based grounding methods [34, 70],
for each generated global event token G, we impose a similarity-based grounding
constraint that aligns its representation with multimodal (audio-visual) prefix fea-
tures within its corresponding ground-truth temporal segment, while suppressing
similarity to features outside this interval. Formally, we optimize:

T
Eand:f E BCE (y;, sim;) (2)
t=1

where BCE denotes the binary cross-entropy loss. y¢ € {0,1} is the binary
indicator specifying whether time segment ¢ lies within the i-th ground-truth
event interval, and simz’; is computed as the normalized dot-product similarity
between G and the corresponding multimodal tokens within the corresponding
time segment. This explicit grounding constraint enforces each global event token
to align with a temporally valid event segment, thereby establishing reliable
anchors for subsequent dependency graph reformulation. Furthermore, it equips
the generated G; tokens with intrinsic grounding capability, such that event
localization can be effectively performed at inference time through similarity
matching with the multimodal prefix tokens.

Adaptive Semantic Aggregation Although the grounding constraint ensures
the temporal validity of G?, we expect the global event tokens to play a more sub-
stantial role. Beyond determining the event decomposition for parallel generation,
each G’ should also encode sufficiently expressive and event-specific semantics.
Such semantic richness enables the event token to function as a meaningful anchor
in the subsequent parallel decoding stage, allowing each parallelized branch to
focus on its designated event rather than being diluted by globally diffused con-
text. The importance of semantically rich representations has also been observed
in general image/video grounding and perception literature [32,70]. In our frame-
work, the semantic expressiveness of the global event tokens plays a critical role
in stabilizing parallel branch-wise generation and reinforcing event-level focus.
Technically, we aim to aggregate the event-relevant semantics encoded in
the audio-visual prefix tokens into the corresponding global event tokens. For
each generated event token G’, we consider the prefix tokens that fall within
its temporally grounded time segment. Guided by this principle, we explore
and discuss three strategies for effectively aggregating semantics from dense
audio-visual prefix tokens.
(1) Uniform aggregation. As a straightforward aggregation strategy, we apply
mean pooling over the selected salient tokens and add the pooled feature to the
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embedding of G*. This approach aggregates information uniformly and provides
a simple yet stable way to integrate token-level semantics.

(2) Adaptive aggregation through learned scoring. We further consider an
adaptive aggregation strategy based on learned importance scores. The motivation
is that tokens across space, time, and modality are not equally informative and
expressive for representing the underlying event. To capture this heterogeneity,
we build a lightweight scoring head, instantiated as a two-layer MLP on top of
the latent token embeddings, which predicts a scalar importance score for each
salient token. These scores are then used to perform weighted pooling, producing
an aggregated feature that is added to G°.

(3) Attention-guided aggregation. As an alternative adaptive strategy, we
derive token importance directly from the attention map between the text query
tokens and the multimodal tokens. This approach shares a similar motivation with
the learned score head but avoids introducing additional parameters. The key
intuition is that the attention mechanism naturally focuses on task-relevant and
informative tokens; therefore, the attention weights can serve as an effective proxy
for token importance when performing weighted aggregation. In practice, we
use the attention weights between the last text query token and the multimodal
prefix tokens to compute importance scores, as it typically summarizes the full
query context in autoregressive modeling.

3.4 Dependency-Restructured Parallel Decoding

Guided by the globally coordinated event tokens produced during the plan-
ning stage, we reformulate the original fully serialized token dependency into a
structured, event-factorized dependency graph. Specifically, instead of modeling
caption generation as a single causal chain over all tokens, we decompose it into
multiple weakly coupled, event-conditioned subchains so that different subchains
can be decoded in parallel. Importantly, our objective is to balance two seem-
ingly competing requirements: (i) preserving strong event-focused autoregression
within each branch while preventing unnecessary cross-event local interactions
that may distract event-specific decoding; and (ii) maintaining global awareness
of inter-event structure across branches.

To achieve this, we adopt a factorized dependency structure where tokens
from different events are rendered conditionally independent given the shared
global context and local histories, enabling synchronous parallel decoding across
branches. Specifically, at each decoding step 7, local tokens across all K event
branches are decoded simultaneously under the conditional distribution:

(LM, ~ UL, | PGS {6 I ), )

where P denotes the shared multimodal prefix, and {G*,..., G} are the global
event tokens generated in Sec. 3.3, which encode global inter-event structure. At
the beginning of subchain decoding, the corresponding event token G* will serve
as a conditional anchor that guides event-focused generation, as illustrated in
Fig. 2. Despite adopting an event-wise parallel decoding paradigm, our approach
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Fig. 3: Comparison of the different decoding strategies and attention mechanisms.

preserves the autoregressive property within each subchain to maintain strong
local semantic coherence.

Based on the reformulated dependency graph, we derive a modified causal
attention scheme that enables structured parallel decoding. As shown in Fig. 3,
during local generation, each token L} is permitted to attend to: (1) the shared
multimodal prefix P and all global event tokens {G',..., GX}, ensuring global
inter-event awareness, and (2) the event anchor token G°, as well as previ-
ously generated local tokens {Li<j} within the same branch, preserving strong
intra-event autoregression. Meanwhile, tokens from different event subchains are
explicitly masked from attending to one another, thereby eliminating unnecessary
cross-event dependencies. Empirical results in Sec. 4.4 demonstrate that this
factorized attention effectively balances local and global dependencies under par-
allel decoding. In contrast, naive causal attention introduces spurious cross-event
interactions and suffers significant performance degradation.

Notably, event-level responses can inherently vary in length across different
sub-chains. To accommodate this variability while preserving synchronized paral-
lel decoding, we introduce two complementary design strategies. First, we modify
the positional encoding scheme such that tokens at the same decoding step across
different subchains share identical position indices. This design reinforces the
structural independence among subchains and enables efficient parallel inference:
once a subchain generates an end-of-sequence (EOS) token, it can terminate inde-
pendently without affecting other active branches, thereby avoiding unnecessary
generation of redundant tokens. Second, during training, we adopt a padding-
based alignment strategy. Specifically, token subchains shorter than the maximum
length N (defined as the largest token length among the K branches) are padded
with additional EOS tokens. We involve the training loss on predicting these
padded EOS tokens, which we empirically find beneficial for performance, as this
likely encourages each subchain to terminate promptly rather than generating
redundant tokens. Notably, this padding scheme is straightforward to implement
and remains fully compatible with standard autoregressive transformer train-
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ing. Thanks to the aforementioned positional encoding design and the subchain
termination mechanism, the padding introduced during training does not affect
inference (i.e., no redundant tokens will be generated during inference).

4 Experiments

4.1 Experimental Setup

Implementation details. We adopt the recent state-of-the-art omni-LLM,
Video-SALMONN 2+ (3B) [50], as our base model. The model employs Qwen2.5-
VL [3] as both the visual encoder and the LLM decoder, and utilizes Whisper-
Large-v3 [45] as the audio encoder, with a window-level Q-Former [51] serving as
the audio aligner. Following [8], we fine-tune the model on a subset of its training
data (18K videos from ChronusAV [8]) using LoRA [20] for one epoch. Beyond
the constraints introduced in Sec. 3, we apply token-level classification loss for
standard supervised fine-tuning under the restructured sequence (Fig. 2). We
adopt a frame sampling rate of 0.5 FPS for both training and inference, with
a maximum of 256 frames. If a video exceeds this limit, frames are uniformly
sampled to obtain 256 frames. More details can be found in the appendix.

Evaluation tasks and benchmarks. We evaluate our method on multiple
dense video captioning (DVC) benchmarks, as well as other time-sensitive video
understanding tasks, to assess its generalization capability. Specifically, we conduct
DVC experiments on omni-modal benchmarks LongVALE [13] and ChronusAV [8],
as well as the visually-centric benchmark YouCook2 [75], following their standard
evaluation protocols. Since ChronusAV does not report results on the DVC task,
we additionally conduct comparative experiments using the official checkpoints of
existing methods. Following [34], we also report F1 score to specifically evaluate
event grounding accuracy, and sentence similarity (Sim) to measure the semantic
similarity between model outputs and ground-truth captions. Beyond DVC,
we further evaluate our approach on additional time-sensitive tasks, including
omni-modal temporal grounding and segment-level captioning tasks from the
LongVALE (2 tasks) and ChronusAV (6 tasks) benchmarks.

4.2 Main Results on Dense Video Captioning

LongVALE. As shown in the left part of Tab. 1, PadCaptioner outperforms
recent SOTA approaches by large margins across all metrics (e.g., at least 6.7%
in F1 for event grounding and 6.1% in Sim for event captioning). Moreover,
our model is relatively lightweight compared with most existing methods that
employ 7B-scale models. It also achieves substantially faster decoding, as analyzed
later. These results demonstrate the clear advantages of our approach in both
temporally grounded captioning accuracy and efficiency.

ChronusAV. As shown in the right part of Tab. 1, PadCaptioner maintains
strong performance on ChronusAV, further demonstrating the effectiveness and
generalization ability of our framework for omni-modal dense video captioning.
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Table 1: Dense video captioning results on LongVALE and ChronusAV.
“PadCaptioner™” means our model trained on a smaller training budget (12K videos).
C: CIDEr. S: SODA _c¢. M: METEOR.

LongVALE ChronusAV
Method FI Sim S C M|Fl Sim S C M
TimeChat (7B) [46] 1.6 01 1.4 -

LongVALE-LLM (7B) [13] 31.2 37.2 2.8 7.9 4.7|184 254 3.1 4.6 8.8
video-SALMONN 2+ (3B) [50]|35.5 26.6 1.9 2.4 2.4(21.5 17.6 2.8 1.5 4.3
Qwen3-Omni (30B-A3B) [62] |34.2 45.8 4.2 5.7 5.5|51.8 37.0 54 25 6.5

ChronusOmni (7B) [§] 49.7 52.4 3.7 5.6 5.2|60.1 36.8 86 2.9 7.6
PadCaptioner™ (3B) 53.0 55.5 5.6 12.3 7.8|61.8 38.8 10.5 7.8 10.6
PadCaptioner (3B) 56.4 58.5 6.4 13.7 8.6/63.2 40.0 12.4 9.6 12.4

Table 2: Efficiency analysis on the dense video captioning task on LongVALE and
ChronusAV. T /video and T /token denote the average decoding latency per video and
per token, respectively, measured by actual wall-clock time (in milliseconds).

Method | LongVALE ‘ ChronusAV
‘ F11 Simt T/videol T/tokenj,‘ F11 Sim? T/videol T/tokenl|

video-SALMONN-2+ (3B) [50][35.5 26.6 2706.8  22.5 [21.5 17.6 3083.4  22.8
ChronusOmni (7B) [8] 49.7 52.4 16162.1  41.3 |60.1 36.8 28093.0  41.0
PadCaptioner (3B) 56.4 58.5 4283.8  13.4 |63.2 40.0 7526.7  13.7

Efficiency analysis. We compare our method with ChronusOmni (7B) [g],
the strongest recent omni-modal LLM, as well as a 3B base model [50]. All
performance is measured on a single NVIDIA A6000 GPU. As shown in Tab. 2,
our method achieves clear advantages over the previous SOTA in both captioning
performance and decoding efficiency (i.e., around 3.7x speedup in total decoding
time and 3x speedup in decoding speed per token on both datasets). Although
the total decoding time of our model is longer than that of the 3B counterpart,
this is mainly because the latter tends to generate much shorter captions that lack
expressive and informative content, which is also reflected in its significantly lower
evaluation scores (e.g., F1, Sim). When normalized by the number of generated
tokens, our method demonstrates a clear advantage in decoding efficiency.

YouCook2. We further evaluate our model on the visually-centric dense video
captioning benchmark YouCook2 (Tab. 3). Our method achieves strong perfor-
mance under zero-shot inference, further demonstrating its superiority.

4.3 Generalization to Other Temporally Grounded Tasks

LongVALE. Here we evaluate the tasks in LongVALE beyond DVC, namely
Omni-TVG for temporal audio-visual event grounding and Omni-SC for audio-
visual segment captioning. As shown in Tab. 4, our method performs consistently
well on both tasks, indicating its generalization and broad applicability across
diverse temporally grounded audio-video scenarios beyond DVC.
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Table 3: Zero-shot evaluation Table 4: Omni-TVG and Omni-SC results on Long-
on YouCook2. C: CIDEr. S: VALE. B: BLEU-4. R: ROUGE-L. C: CIDEr. M:

SODA _c. METEOR.
Method F1. C S Method Omni-TVG Omni-SC

- mloU B R C M
TimeChat (7B) [46] 12.6 3.4 1.2
VTimeLLM (7B) [21] 17.5 5.0 1.5 VideoChat (7B) [28] 3.0 05 9.6 0.0 8.2
TRACE (7B) [17] 224 8.1 2.2 VideoChatGPT (7B) [37] 5.0 0.4 14.0 0.9 5.9
D2VLM (4B) [70] 26.4 10.6 3.2 LongVALE-LLM (7B) [13]| 11.0 5.6 22.4 20.3 10.9
TimeExpert (6B) [66] 23.6 8.2 2.5 Trisense (7B) [33] 11.2 4.8 21.9 18.8 10.4
ChronusOmni (7B) [8] 24.2 27.3 6.8 ChronusOmni (7B) [8] 34.5 5.5 22.0 20.3 11.7
PadCaptioner (3B) 27.1 31.7 8.2 PadCaptioner (3B) 45.7 8.7 26.0 22.3 12.4

Table 5: Results on six temporally grounded video-audio understanding tasks in
ChronusAV benchmark. B: BLEU-4. R: ROUGE-L. M: METEOR. C: CIDEr.

M | ver T2V A2T T2A V2A A2V
Todel

[R@0.5R@.7/ B R M C|R@.5R@0.7/B R M C|[B R M C|B R M C
VideoLLaMA (7B) [72] 20 08 [01150900| 1.7 08 [01 1106 01011108 0.10.11.20.9 0.0
Ola (7B) [36] 58 27 |03 1.7 1.0 05| 55 26 (020803 0302 1.205 05 |0.2 1.6 1.1 0.4
AVicuna (7B) [52] 108 47 0.0 1.0 0.3 0.1 82 35 [0.0 0.5 0.1 0.0 |0.0 0.5 02 0.1 [0.1 1.5 0.7 0.4
LongVALE-LLM (7B) [13] | 95 3.7 |04 20 1.0 14| 43 13 [0.2 1.3 05 02|01 1.3 0.6 02 [0.2 1.9 1.0 0.9
Qwen2.5-Omni (7B) [61] 71 30 |04 191008 101 37 |0.7 1.0 0.6 0.3]0.5 0.9 0.6 0.3 [0.2 1.6 1.0 0.6
ARC-HY-Video (7B) [12] 36.1 232 (02 1.5 1.1 0.5 36.9 243 [0.2 1.2 0.7 0.4 [0.1 0.9 0.7 0.1 |0.1 1.1 0.9 0.1

Qwen3-Omni (30B-A3B) [62]| 37.9 21.8 |0.4 2.1 1.6 0.9] 46.7 33.1 [0.9 2.3 1.2 2.2 |04 1.6 1.3 0.7 0.2 1.7 1.5 04
ChronusOmni (7B) [8] 63.2 46.0 |1.2 3.4 2.1 5.1| 90.5 79.9 |6.8 6.9 4.5 34.3|3.6 4.9 3.3 13.6|1.0 3.2 2.1 3.0
PadCaptioner (3B) 68.4 48.7 |1.43.92.75.6 91.3 82.5 |7.47.34.835.1/3.9 5.3 3.8 15.0|/1.4 3.7 2.6 3.7

ChronusAV. Here we evaluate the six tasks defined in ChronusAV, which
emphasize both time awareness and cross-modal reasoning [8]. From Tab. 5,
our method also demonstrates competitive performance across all tasks, further
validating the robustness and generalization capability of our framework for
omni-modal temporally grounded video understanding.

4.4 Ablation Studies

We conduct ablation studies on the ChronusAV dataset to assess the effect of
each proposed component on both event grounding and captioning. All models
in this section are trained on 12K videos for fair comparison. Additional analyses
are provided in the appendix.

Effect of latent planning. (1) As shown in Tab. 6, latent planning substan-
tially improves DVC performance in terms of both grounding and caption quality.
Importantly, this design also provides valid event-level structure, making the sub-
sequent dependency restructuring and parallel decoding possible. (2) Interestingly,
Tab. 7 shows that pure textual planning also brings a noticeable performance
gain, where event localizations are first generated in textual form and then used
to guide caption generation. This suggests that explicit planning is generally
beneficial for long-context, dense event-level video understanding. Compared
with textual planning, our latent planning achieves much stronger performance,
which we attribute to its compact latent representation that captures event-level
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Table 6: Global effect of our designs. Table 7: Effect of latent planning.
Setting ‘ F11 SimT‘T/videoJ, T /token| Setting ‘ F1 Sim
Baseline 32.7 17.6| 7798.7 22.9 Baseline 32.7 17.6
+ planning 61.5 38.4| 12405.1 22.9 + Textual planning|37.4 19.4
+- parallel decoding|61.8 38.8| 7598.2 13.8 + Latent planning |61.5 38.4

Table 8: Effect of attention mechanism. Table 9: Aggregation strategy ablation.

Setting | F1 Sim Setting | F1 Sim
Causal attention 38.7 19.9 w/o aggregation 47.7 24.3
Ours (self G-token only) [59.8 37.6 Mean pooling  |58.5 35.7
Ours (full G-token access)|61.8 38.8 Scoring head 61.4 38.2

Attention guided|61.8 38.8

semantics more faithfully and provides more expressive anchors for event-focused
caption generation.

Effect of parallel decoding. As shown in Tab. 6, the proposed parallel de-
coding strategy significantly accelerates decoding (Row-2 vs. Row-3), achieving
about 1.63x overall speedup and 1.66x per-token speedup. Although Row-3 only
slightly reduces the total wall-clock time over the baseline (Row-1), this is mainly
because the baseline generates much shorter and less informative captions, as
reflected by its much lower F1 and Sim scores. After normalizing by generated
tokens (T/token), our method still achieves a 1.66x decoding speedup. Moreover,
comparing Row-2 and Row-3 shows that parallel decoding maintains and even
slightly improves DVC performance. We attribute this to the event-wise decoding
design, which encourages event-focused caption generation and reduces inter-
ference from long-context dependencies and redundant cross-event information.
Notably, such parallelized decoding cannot work effectively without the proposed
factorized attention mechanism, as further analyzed in the following subsection.

Effect of attention mechanism. We study the proposed event-factorized
attention mechanism in Tab. 8. In Row-2 (“self G-token only”), besides causal
local token visibility, each branch can only access its own global token G*, while
Row-3 uses our full design, where each branch can access all global event tokens.
From Tab. 8, we make two observations. (1) Row-1 vs. Row-3: Standard causal
attention causes a significant performance drop. This is because, under parallel
decoding, each branch is conditioned on weakly related local tokens from other
events, which introduces interference and weakens event-focused decoding. (2)
Row-2 vs. Row-3: Allowing full visibility of all global event tokens brings consistent
improvements. This suggests that global event tokens effectively summarize inter-
event relationships, allowing cross-event interactions to be conveyed through
compact global representations, thereby preserving global coherence without
unnecessary coupling between event-specific decoding branches. Overall, event-
factorized attention better balances local and global dependencies during parallel
decoding, enabling faster inference while even improving captioning quality.
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3 Hours
Later

PadCaptioner 3B
[0s-14s] Visual: A title screen presents "Mango Barfi" alongside a dessert image and an ingredient list set against a
decorative red background. Audio: A female voice reads through the ingredients while music plays in the background.
[16s-29s] Visual: A pair of hands presses and mashes mango pieces inside a bowl. Audio: The female narrator
describes the process of mashing two mangoes.
[30s-79s] Visual: Khoya is cooked and stirred in a pan, after which mango puree, dry fruits, and sugar are
incorporated and the mixture is cooked down until it thickens. Audio: The narrator explains adding khoya, mashed
mangoes, and sugar, accompanied by background music and occasional stirring sounds.
[82s-109s] Visual: The thickened mixture is scooped into a metal tray, smoothed out into an even layer, scattered with
chopped nuts, pressed firmly, and then sliced into square portions. Audio: The narrator describes transferring the
mixture to the tray, leveling it out, topping it with dry fruits, pressing them in, and cutting the dessert into pieces.
[110s-129s] Visual: A hand places the tray into the refrigerator, followed by a title card saying 3 Hours Later,” after
which the tray is taken out. Audio: The narrator says to refrigerate for three hours before taking it out.
[130s-138s] Visual: The completed mango barfi squares are arranged on a round plate, with nuts visible on top.
Audio: The narrator announces that the mango barfi is ready.
[139s-147s] Visual: A closing screen displays "Thank you!" alongside a YouTube channel link. Audio: Music
continues to play.

Fig. 4: Qualitative example of a video caption generated by PadCaptioner.

Effect of adaptive semantic aggregation. (1) As shown in Tab. 9, removing
audio-visual semantic aggregation into global event tokens (Row-1 vs. the remain-
ing rows) leads to a substantial performance drop. This highlights the benefit
of enriching global event tokens with event-focused semantics, enabling them
to serve as expressive anchors for subsequent event-focused decoding. (2) From
Row-2 to Row-4: We investigate the effectiveness of different semantic aggregation
strategies. (i) Adaptive strategies (Row-3 and Row-4) outperform rigid mean
pooling (Row-2), suggesting that modeling relative token-level importance across
space, time, and modality helps aggregate informative semantics from dense
prefix tokens; (ii) Attention-guided aggregation (Row-4) outperforms the learned
scoring head (Row-3), showing that internal attention weights can effectively
estimate token importance without introducing additional parameters.

4.5 Qualitative Analysis

We show a caption generated by PadCaptioner in Fig. 4. Our model can reasonably
segment and localize video events, while generating informative descriptions that
leverage both visual and audio cues. More examples and analyses are provided in
the appendix.
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5 Conclusion and Limitations

In this work, we observe that prior Video-LLM-based dense video captioning
models suffer from inefficient decoding due to their strictly sequential genera-
tion paradigm, which introduces unnecessary token-level dependencies across
temporally distinct events. Based on this observation, we propose PadCap-
tioner, a parallelized autoregressive framework that restructures the dependency
graph through latent event-level planning, accompanied by a parallel decoding
mechanism that effectively balances local and global dependencies. Extensive
experiments demonstrate that PadCaptioner significantly improves inference effi-
ciency and temporally grounded captioning accuracy, while also showing strong
generalization to other temporally grounded audio-visual understanding tasks.

Our work still has several limitations. (1) Our dependency-graph restructuring
considers only event-level structures. Future work could explore finer-grained
cues (e.g., sub-events or spatiotemporal instances) and learn parallelizable units
with less reliance on human-defined annotations. (2) Although adaptive semantic
aggregation improves grounding and caption quality, we observe that the model
may still generate coarse-grained captions for long events, motivating better
information aggregation or representation learning mechanisms. (3) Our modi-
fied attention pattern is not fully compatible with some off-the-shelf optimized
attention kernels, leaving room for custom kernel-level optimization to further
improve efficiency.
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Appendix

A More Implementation Details

Following [6], we set the maximum number of pixels per frame to 61,250 for video
frame inputs. Frames with higher resolution are resized proportionally to satisfy
this constraint.

For the grounding constraint of the generated global event tokens, both the
latent representation of the generated global event token G* and the video—audio
prefix tokens are first projected through a lightweight two-layer MLP before
computing feature similarity. Unlike prior feature matching-based grounding
methods [5,9], which operate under a simplified setting where each time segment
(or frame) is represented by a single visual token and audio modality is ignored,
we adopt a more general formulation that better aligns with modern multi-
modal LLMs. Specifically, modern multimodal LLMs [1, 6-8] typically encode
the semantics of each time segment using multiple spatiotemporal tokens, and
include tokens from both visual and audio modalities [6—-8]. Consequently, for
each generated global event token G?, we first compute its dot-product similarity
with every video-audio prefix token and then aggregate the similarities of tokens
belonging to the same segment by summation to obtain a segment-level similarity
score, which is used to enforce the grounding constraint.

In our framework, there are two ways to achieve event grounding during
inference. (1) Grounding via textual timestamp generation. This is the most
straightforward approach, as temporal information can be directly generated in
textual form together with the captions. (2) Grounding via feature similarity
matching. As discussed in the main paper, the grounding constraints imposed
during training endow each G* token with an intrinsic capability to distinguish the
foreground event it represents from other segments. Consequently, event grounding
can be performed at inference time by matching the generated global event token
with the multimodal prefix tokens based on feature similarity. Empirically, we find
that the second approach yields better results. In practice, we adopt a similarity
threshold to determine which temporal segments are salient (i.e., the grounding
results). For each generated global event token, we compute its similarity with all
video-audio prefix tokens using the same procedure as in the grounding constraint
during training (i.e., token-level similarities are first aggregated within each time

fCorresponding authors.
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over serial decoding across
subchain count.

segment to obtain segment-level similarity scores). If the similarity score of a time
segment exceeds a certain fraction of the maximum similarity across all segments
for the current event token, the corresponding segment is regarded as salient and
included in the grounded interval. We find that the choice of this threshold is fairly
robust (e.g., an intuitive value of 0.5 already achieves satisfactory performance,
and the results remain stable within a reasonable range), as shown in Tab. Al
and Tab. A2. In practice, we set the threshold to 0.5 for LongVALE [4] and 0.7
for ChronusAV [2].

Beyond dense video captioning (DVC), our DVC-oriented framework can
generalize to a broader family of temporally grounded video understanding
tasks, as demonstrated in the main paper. This generalization arises from the
observation that dense video captioning inherently requires the joint modeling
of temporal grounding and textual generation. The integration of these two
capabilities naturally enables the framework to accommodate related tasks that
emphasize either grounding-focused localization or textual response generation.

B More Empirical Analysis

B.1 The Impact of Caption Length

We find that longer captions do not necessarily imply better quality: (1) Naive
base model fine-tuning (without our designs) increases the average caption length
by 2.5x without improving caption metrics; (2) Our method outperforms the
previous SOTA [2] with shorter average caption length (549 vs. 685 tokens on
ChronusAV [2]).

B.2 Base-Model Generalization

Beyond the main base model adopted in the main paper [6], we further examine
whether our proposed components generalize to a different base model [4]. The
result in Tab. A3 demonstrates consistent improvements, suggesting that our
method is not tied to a specific base model.
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Table A3: Base-model generalization on ChronusAV with fair 12K data training.

Method F1 Sim

LongVALE-LLM 24.5 21.0
LongVALE-LLM + Ours  36.5 25.8

Table A4: Training cost on 4 H200 GPUs (bs: batch size).

Method Memory (bs)  Time (bs per GPU)
Ours (without FlashAttention-2) 78GB (1) 28h (2)
Standard (with FlashAttention-2) 58GB (1) 20h or 15h (2 or 3)

B.3 Degree of Parallelization

It is driven by the number of model-predicted event subchains (13.2 on average).
Speedup over serial decoding increases with the subchain count, following a
log-like trend (Fig. Al), while parallel decoding does not degrade performance,
as validated in the main paper.

B.4 Training Cost

We analyze the training cost under a 12K-sample training budget. Our method
requires modifying standard causal attention, which is not fully compatible
with some off-the-shelf optimized attention kernels (e.g., FlashAttention-2 [3]).
This is especially the case because our current implementation does not include
dedicated kernel-level optimization. As shown in Tab. A4, without an optimized
kernel implementation, our method incurs about 0.3x extra memory usage
and 1.4x/1.9x longer training time under the same/maximum feasible batch
size on H200 GPUs. However, after being trained on only 12K samples, our
method provides clear inference-time advantages, and its efficiency can be further
improved with custom kernel optimization.

B.5 Inference Requirement

Compared with standard autoregressive decoding, parallelized decoding itself
does not increase the KV-cache size (assuming that the total generated caption
length remains the same). The additional peak GPU memory mainly comes from
transient activations when predicting K tokens simultaneously at each decoding
step (rather than a single token), and thus remains manageable. The maximum
GPU memory usage is below 30GB.

C Qualitative Analysis

We present qualitative analyses to better demonstrate the effectiveness of our
approach. Beyond the dense video captioning task, we further analyze the perfor-
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mance of our method on other temporally grounded video understanding scenarios.
These analyses aim to validate the generalization ability of our framework and
provide a deeper understanding of its capabilities from multiple perspectives. We
also include predictions from the recent state-of-the-art model ChronusOmni [2]
for comparison. Finally, we provide a failure case analysis to reveal the limitations
of our current framework and motivate future research.

Dense video captioning. From Fig. A2, several observations can be made.
(1) Compared with the recent SOTA, our method achieves more reasonable and
accurate temporal localization of events, producing boundaries that better align
with the actual semantic transitions in the video. (2) Our model also generates
more coherent and informative captions, particularly in terms of audio-aware
perception. While the compared method is also equipped with audio perception
capability, it often fails to effectively exploit acoustic cues, whereas our approach
correctly captures audio-related events such as background music and speech. In
addition, our model can produce structured and disentangled visually oriented and
audio-oriented descriptions, which can benefit downstream applications such as
modality-aware retrieval or multimodal content indexing. (3) These advantages
are achieved with a relatively small model size (3B) and significant speedup
compared with the SOTA method [2], as verified in the main paper. This further
highlights the effectiveness of our proposed approach.

Omni temporal grounding. We further evaluate the generalization ability of
our model on the omni temporal grounding task. Specifically, we consider two
settings following the task definition in [2]: video-to-time (V2T) and audio-to-time
(A2T) grounding, which aim to respectively localize the temporal interval in
the video that matches the visual or audio information described in the user
query. From Fig. A3 and Fig. A4, it can be observed that our method produces
more accurate temporal boundaries, while the strong baseline tends to include
additional irrelevant segments. Notably, in the example shown in Fig. A4, the
visual appearance around the target event is highly similar across neighboring
frames, making it difficult to localize the event based solely on visual cues.
This scenario requires the model to rely on audio information for accurate
grounding. Our method successfully identifies the correct temporal interval under
such conditions, demonstrating its stronger audio-aware temporal localization
capability.

Cross-modal grounding and captioning. We also evaluate our model on
the A2V and V2A tasks defined in [2], which require compositional reasoning
across modalities: the model must first ground the event of interest based on
the description from one modality, and then describe the grounded temporal
segment from the complementary modality. Specifically, audio-to-video (A2V)
requires localizing the event according to the audio query and generating its
visual description, while video-to-audio (V2A) requires grounding the event from
visual cues and then characterizing it from the audio perspective. From Fig. A5
and Fig. A6, it can be observed that the recent strong counterpart frequently
produces hallucinated descriptions that refer to events not present in the grounded
video segment or even in the entire video. In contrast, our method correctly reasons
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about the corresponding temporal segment and generates faithful descriptions
without hallucination.

Omni segmentation captioning. In this setting, the model is required to
generate a description for a user-specified temporal interval. This task evaluates
the model’s ability to correctly interpret the provided time span and to understand
and describe the corresponding event. Depending on the target modality of the
description, the task can be further divided into two variants: time-to-video (T2V),
which requires generating a visual description of the specified segment, and time-
to-audio (T2A), which requires describing the audio content within the given
temporal interval [2]. As shown in Fig. A7 and Fig. A8, the recent strong baseline
often produces descriptions that are not faithfully grounded in the specified
temporal segment (Fig. A7). In the T2A example (Fig. A8), the counterpart [2]
fails to distinguish the speaker’s gender and tends to include information beyond
the specified temporal interval. In contrast, our method generates descriptions
that remain aligned with the given time span, demonstrating stronger fine-
grained audio understanding and more precise temporal grounding despite using
a relatively lightweight model.

Failure case analysis. Despite its effectiveness, our method still has some
notable limitations. First, event grounding is still imperfect, and grounding errors
can propagate to caption generation. For example, as shown in Fig. A9, our model
fails to split adjacent events. This is mainly due to its limited ability to distinguish
fine-grained semantic differences between temporally close and visually similar
events. In addition, from Fig. A9, we can also observe that our method captures
the key content of the event (i.e., police officers approach a house and confront
a man inside). However, the generated caption still lacks fine-grained details,
especially in faithfully preserving speech content. For instance, it only briefly
mentions that the officers give commands, without preserving the specific spoken
content. This limitation motivates future research on more effective information
aggregation or representation learning for long and information-dense events.
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ChronusOmni 7B

[0s-17s] a woman speaks while a cake with monkey decorations is shown, followed by a close-up of the
cake and text overlaying the process of making a monkey head decoration.

[18s-108s] hands assemble and paint a monkey head decoration using fondant, a lollipop stick, and a brush.
[108s-157s] a person uses an impression mat to create patterns on a piece of paper, then rolls out dough and
cuts it into shapes for decorating a cake.

[157s-277s] a person decorates a cake with green fondant, cutting and shaping it to fit the cake's surface,
and adding a wooden texture to the top layer.

[277s-332s] a person decorates a cake with a green fondant covering, adding a name "NOAH" in colorful
letters, small flags, and a white ribbon. They also apply a patterned border around the cake's base
[3325-356s] a person paints a wooden-textured cake topper with a monkey design, then places it on a cake
decorated with a monkey theme.

[356s-396s] a two-tiered monkey-themed cake is displayed, followed by a website banner for “Sugarella
Sweets” with social media icons, concluding with an animated logo of a woman holding a cake.

Ours 3B
[0s—14s] Visual: A brand logo is shown, followed by a monkey cake. Audio: Light, upbeat music,
followed by a female voice accompanying the display of the monkey cake.
[15s—198s] Visual: A person uses brown, yellow, and black fondant to make the monkey’s tail and face and
assembles them into a monkey decoration. Then, brown fondant is textured and wrapped around the top
and sides of the cake. Audio: Light, upbeat music.
[200s—376s] Visual: A person wraps the top of the cake with green fondant and presses texture, then wraps
the sides. Then the cake is decorated with the letters NOAH, white lines, and colorful flags. Finally,
monkey and leaf decorations are added to the brown cake. Audio: Light, upbeat music.
[375s—384s] Visual: A two-tier monkey cake is shown, followed by a “Sugarella Sweets” social media
advertisement with a woman’s photo, different cakes, and pink arrows. Audio: A woman thanks the
audience for watching.
[3855—396s] Visual: A brand logo showing a woman holding a cake, along with the name and website
address. Audio: Light, upbeat music.

Fig. A2: A qualitative example (YouTube ID: ZaOfFT5NTbk) for the dense video
captioning task. Blue text indicates audio-related description.



28 W. Zeng et al.

Question

What are the start and end time of the video segment corresponding to this visual information: <A man in a suit and
glasses sits in the brown leather interior of a car, with the steering wheel and dashboard visible. Another car and blue
lighting appear in the blurred background. > ?

Ground truth ChronusOmni 7B Ours 3B
55.55-58.4s 54.75-63.9s 55.0s-58.2s

Ground truth [ |

ChronusOmni 7B | ]

Ours 3B [ ]

o5 90s 107s

Fig. A3: A qualitative example (YouTube ID: pEkr5UJIrk8) for the V2T (video-to-time)
task [2].

Question
What are the start and end time of the audio segment corresponding to this audio information: <A man speaks, "I'm
gonna do is before I take this front plate off is I'm gonna go ahead and unplug the refrigerator," followed by a click. > ?

[Ground truth J LChronusOmni 7B ] LOurs 3B ]
33.85-38.9s 32.85-39.7s 33.25-39.4s
Ground truth | |
ChronusOmni 7B | |
Ours 3B [ |
0s 495 2235

Fig. A4: A qualitative example (YouTube ID: 0Tmpt63T79M) for the A2T (audio-to-
time) task [2].
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Question
Can you describe the audio information of the audio segment corresponding to this visual information: <A large,
shadowy figure with glowing green eyes and hands appears, creating a menacing presence. Several individuals,
\including men and women, react with expressions of fear and surprise to the imposing figure. > ? P,
g N
Ground truth
Intense, dramatic music with metallic clanging sounds is followed by a monstrous roar. A female voice whispers,
"He's here," as the dramatic music swells.
. J
) ) . 0
ChronusOmni 7B - Occurs before the focused time segment
A man with a deep voice speaks, "I will kill you." This is followed by a loud crashing sound and a high-pitched
scream.
J
Ours 3B
After a loud drumbeat, a man lets out a howl. Then a woman says, "He’s here."

Fig. A5: A qualitative example (YouTube ID: i9jTOj4Bqo4) for the V2A (video-to-
audio) task [2]. Red text indicates incorrect/hallucinated descriptions.

N
- T

background chatter, a man says, "people tell us all the time that oh, you know, I came, I drove from Canada. The onl
reason I came to Pax is to come to your booth, you know. I think about it like this person went through all this

Question
Can you describe the visual information of the video segment corresponding to this audio information: < Amidst
y
trouble just to spend, you know, 10 minutes chatting with." > ?

Ground truth
Multiple people are gathered at an event, with some focused on a game involving stacking and removing blocks.

with other people in the background. He is seen looking at a stack of green blocks, which he then holds up while
talking. The scene transitions to a close-up of a hand writing on a piece of paper with a pen, followed by a shot of a
packaged product on a table.

ChronusOmni 7B
The video features a man with glasses and a beard, wearing a plaid shirt, speaking to the camera in an indoor setting
Many people are playing a building blocks game together. A man rests his arm on the green blocks. }

[Ours 3B

Fig. A6: A qualitative example (YouTube ID: EEGjQrxb9So) for the A2V (audio-to-
video) task [2]. Red text indicates incorrect/hallucinated descriptions.
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Question
Can you describe the visual information of the video segment from 289.8 seconds to 293.9 seconds?

()

(= o~

the text "The Human Element at Work." This is followed by the "Dow" logo appearing on a black screen.

ChronusOmni
The video shows a group of five men in racing suits standing in front of a red race car, with one man looking at a
computer screen displaying stock market data.

(o o~

Ours

Ground truth
A close-up of a dark helmet featuring a "Hu" (Human Element) symbol, "CHILDRESS INSTITUTE" branding, and
A black helmet with the words “The Human Element at Work™ on it, followed by a red “DOW” logo. }

e

Fig. A7: A qualitative example (YouTube ID: d8okJ2zYyEc) for the T2V (time-to-
video) task [2]. Red text indicates incorrect/hallucinated descriptions.

s M
Question
Can you describe the audio information of the audio segment from 20.2 seconds to 24.9 seconds?
J
R

-
Ground truth
A person speaks, "became apparent on Christmas Eve." Another person says, "And we opened up some packages that
were on the doorstep."

(S J
ChronusOmni 7B __— Occurs before the given time segment
A woman speaks, "the meaning of the season became apparent on Christmas Eve." This is followed by a man
speaking, "We opened up some packages that were on the doorstep."
(" 7
Ours 3B
A man says, "apparent on Christmas Eve."Then a woman continues, "we opened up some packages that were on the
kdoorstcp.“ )

Fig. A8: A qualitative example (YouTube ID: JuS41kVKnF0) for the T2A (time-to-
audio) task [2]. Red text indicates incorrect/hallucinated descriptions.
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Ground truth L iy e

Ours 3B

33s 96s 133s

Ground truth

[35s-40s] Visual: A group of individuals wearing full tactical gear, including helmets and vests marked
"POLICE," move together outdoors near a building and a white car. Audio: A male voice says, "Let's
listen in on the audio and then we will come back and learn lessons afterwards.”

[40s-96s] Visual: Police officers in tactical gear approach and breach the front door of a house, then enter
the dwelling. An officer uses a Taser on a man who appears inside the doorway. Audio: The audio begins
with knocking sounds. A man shouts, "Police, search warrant! Open the door!" ... "Drop the gun!" ... The
sound of a Taser firing is heard ...

[..]

Ours 3B
[...]
[33s—133s] Visual: Police officers approach a house and knock on the door. A man comes out after a brief
exchange, and the officers shoot him. Audio: Officers give commands, and the sound of gunfire follows.

[...]

Fig. A9: Failure case analysis (YouTube ID: ektI4VWkU70). We use “...” to omit part
of the ASR transcript for brevity.
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