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Abstract

Recently, rapid advancements have been made in multimodal
large language models (MLLMs), especially in video under-
standing tasks. However, current research focuses on sim-
ple video scenarios, failing to reflect the complex and di-
verse nature of real-world audio-visual events in videos. To
bridge this gap, we firstly introduce R-AVST, a dataset for
audio-visual reasoning featuring fine-grained spatio-temporal
annotations. In constructing this, we design a pipeline con-
sisting of LLM-based key object extraction, automatic spa-
tial annotation and manual quality inspection, resulting in
over 5K untrimmed videos with 27K objects across 100
types of audio-visual events. Building on this dataset, we de-
fine three core tasks for spatio-temporal reasoning in audio-
visual scenes and generate more than 8K high-quality, evenly
distributed question-answer pairs to effectively benchmark
model performance. To further enhance reasoning, we pro-
pose AVST-Zero, a reinforcement learning-based model that
avoids intermediate supervision, directly optimizing behavior
via carefully designed multi-dimensional rewards. Extensive
experiments validate the effectiveness of our R-AVST in ad-
vancing audio-visual spatio-temporal reasoning, upon which
AVST-Zero demonstrates competitive performance compared
to existing models. To the best of our knowledge, R-AVST is
the first dataset designed for real-world audio-visual spatio-
temporal reasoning, and AVST-Zero offers a novel perspec-
tive for tackling future challenges in this domain.

Introduction
The rapid advancement of multimodal large language mod-
els (MLLMs) recently has demonstrated their effectiveness
in video understanding by integrating information from var-
ious modalities (Wang et al. 2024b; Zhang et al. 2024; Tang
et al. 2025a; Geng et al. 2025). However, this rapid progress
raises a question: Do current models and datasets ade-
quately account for the compositional audio-visual nature of
real-world video scenes, and leverage it to enhance spatio-
temporal understanding of videos? This issue is particu-
larly important, as many videos originate from real-world
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Figure 1: Unlike previous datasets, R-AVST focuses on
spatio-temporal reasoning in complex audio-visual scenes
of untrimmed videos, offering fine-grained temporal bound-
ary and spatial localization annotations. This example shows
three core tasks designed to evaluate reasoning over sound-
ing objects, time, and space.

audio-visual events, which play a vital role in practical appli-
cations, such as human-computer interaction, autonomous
driving, and so on, where audio and visual modalities are
both crucial for temporal and spatial perception.

In response to this issue, existing datasets such as
AVE (Tian et al. 2018), UnAV-100 (Geng et al. 2023), and
PU-VALOR (Tang et al. 2025b), incorporate audio-visual
information but primarily focus on temporal understanding
while overlooking the spatial properties of audible objects.
In contrast, spatio-temporal grounding datasets such as Vid-
STG (Zhang et al. 2020), HC-STVG (Tang et al. 2021),
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and V-STaR (Cheng et al. 2025) offer both temporal and
spatial annotations, but they do not adequately capture the
rich audio-visual dynamics of real-world scenes and typi-
cally involve only a limited range of object types. Therefore,
proposing a fine-grained spatio-temporal dataset that jointly
integrates audio and visual information is both valuable and
urgent, as it can enhance models’ reasoning capabilities in
real-world scenarios.

At the model level, models such as LLaVA-ST (Li et al.
2025a), GroundingGPT (Li et al. 2024) and Grounded-
VideoLLM (Wang et al. 2024a) have gradually extended
their spatio-temporal modeling capabilities. However, these
models require extensive high-quality labeled data and lack
sufficient exploration capacity. With the promising perfor-
mance of Deepseek-R1 (Guo et al. 2025) in rule-based re-
inforcement learning (RL), some studies have begun explor-
ing the use of GRPO algorithms (Shao et al. 2024) to en-
hance the reasoning capabilities of MLLMs. Models like
VideoChat-R1 (Li et al. 2025b), Video-R1 (Feng et al. 2025)
and Omni-R1 (Zhong et al. 2025) have emerged in this di-
rection, yet they offer limited reward designs for spatio-
temporal reasoning and lack dedicated tasks tailored for
complex audio-visual scenarios.

To address the above limitations, we propose R-AVST, the
first video dataset with fine-grained spatio-temporal anno-
tations in complex audio-visual scenarios, as illustrated in
Fig. 1. In audio-visual scenarios, both auditory and visual
attributes of objects can capture human perception and at-
tention. Motivated by this, we use GPT-4o-mini (Hurst et al.
2024) to extract and analyze audio-visual event captions to
label objects’ attributes. This allows models to determine
whether an object is audible, visible, or both, and subse-
quently supports automatic spatial annotation for ground-
ing object locations. To further assess models’ reasoning
capabilities and align with human inference needs in com-
plex audio-visual scenes, we define three targeted reasoning
tasks, including temporal localization of sounding-visible
objects, spatial localization of sounding-visible or silent-
visible objects within a given duration, and spatio-temporal
localization of sounding-visible objects. Based on these
tasks, we automatically generate corresponding question-
answer pairs (QAs) to enable large-scale evaluation. In total,
R-AVST comprises 5,237 videos with 27,253 objects both
sounding-visible and silent-visible and 8,166 QAs, cover-
ing over 100 types of audio-visual events, such as human
speech, musical performances, and animal sounds.

Building upon R-AVST, we further focus on addressing
the challenge of fine-grained spatio-temporal reasoning ca-
pabilities of models in complex audio-visual scenarios. To
address the lack of advanced reasoning capabilities and the
dependence on large-scale high-quality annotated data in
models such as LLaVA-ST (Li et al. 2025a), we fine-tune
our model using the data-efficient GRPO (Shao et al. 2024)
method from DeepSeek-R1 (Guo et al. 2025), given the rule-
based characteristics of our tasks. Meanwhile, to overcome
the absence of task-specific objectives and reward designs
for complex audio-visual spatio-temporal reasoning in mod-
els like VideoChat-R1 (Li et al. 2025b), we develop a multi-
dimensional reward system tailored to our tasks. This system

includes format, object, temporal, and spatial reward, which
collectively enable effective policy gradient updates. Our ex-
periments demonstrate that AVST-Zero achieves competi-
tive performance on the three core tasks. It surpasses most
Video-LLMs and sets a new perspective in the audio-visual
spatio-temporal reasoning tasks.

Our contributions can be summarized as follows:
• We introduce R-AVST, the first video dataset encompass-

ing a wide range of complex audio-visual events and fea-
turing fine-grained spatio-temporal annotations, specif-
ically designed to facilitate multimodal reasoning and
evaluation in realistic scenarios of videos.

• Aiming to systematically evaluate models’ spatio-
temporal reasoning capabilities and to align more closely
with human retrieval demands in complex audio-visual
contexts, we introduce three specialized tasks: Audio-
Visual Temporal, Spatial, and Spatio-Temporal Reason-
ing, alongside automatically constructed QAs based on
LLM-generated labels.

• We construct AVST-Zero, a Video-LLM fine-tuned in
fully GRPO, trained on R-AVST to enhance its per-
formance on audio-visual spatio-temporal reasoning
tasks. Experimental results demonstrate that AVST-Zero
achieves competitive performance across all three core
tasks, validating its effectiveness.

Related Work
Spatio-Temporal Understanding in Video-LLMs
Spatio-temporal understanding is crucial for extracting key
information from videos (Goodge et al. 2025; Yuan et al.
2024; Zou et al. 2023; Geng et al. 2024). With the rise
of MLLMs, general-purpose Video-LLMs like InternVL-
2.5 (Chen et al. 2024b), Qwen2.5-VL (Bai et al. 2025),
VideoLLaMA3 (Zhang et al. 2025), and GroundingGPT (Li
et al. 2024) have made notable strides, along with spe-
cialized models such as LLaVA-ST (Li et al. 2025a),
VideoMolmo (Ahmad et al. 2025), and Meerkat (Chowd-
hury et al. 2024) that focus on spatio-temporal reasoning.
These models benefit from improvements like stronger en-
coders and audio integration, yet still struggle with com-
plex audio-visual spatio-temporal tasks. On the dataset side,
benchmarks like HC-STVG (Tang et al. 2021) and Vid-
STG (Zhang et al. 2020) provide spatio-temporal ground-
ing annotations, but feature limited object diversity. While
BOSTVG (Yao et al. 2025) introduces a multi-object setting
but uses short videos. V-STaR (Cheng et al. 2025) targets
long-video scenarios, yet lacks realistic audio-visual con-
tent. AV-UIE (Du et al. 2025) centers on audio-visual under-
standing but mainly targets image-audio pairs, overlooking
the construction of video-audio data.

Reinforcement Learning Enhancement in LLMs
Reinforcement Learning (RL) effectively enhances LLM
reasoning with limited supervision. GPT-4 (Achiam et al.
2023) uses PPO with reward and value functions, while
ChatGLM3-DPO (GLM et al. 2024) applies DPO through
pairwise comparisons. DeepSeek-R1 (Guo et al. 2025) in-
troduces GRPO (Shao et al. 2024), using rewards within
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Figure 2: Data generation pipeline of R-AVST. The tasks are explicitly designed to capture both spatial and temporal aspects
of complex audio-visual scenes. The dataset construction follows a five-step process, yielding fine-grained spatio-temporal
annotations and task-oriented QAs.

groups to improve reasoning without value functions. GRPO
has since been adopted in Video-LLMs as a method after su-
pervised fine-tuning (SFT). VideoChat-R1 (Li et al. 2025b)
improves spatio-temporal perception, Video-R1 (Feng et al.
2025) enhances temporal modeling, and R1-Omni (Zhao,
Wei, and Bo 2025) incorporates audio for emotion under-
standing. Recent work (Guo et al. 2025) explores fully RL-
based training, as in Omni-R1 (Zhong et al. 2025), which
proposes an end-to-end GRPO framework. However, RL
models specifically targeting spatio-temporal reasoning in
audio-visual scenarios remain underexplored.

R-AVST Dataset
Task Definition
Existing datasets mainly focus on visual-based temporal
and spatial reasoning, often neglecting the audio modal-
ity. In complex real-world audio-visual contexts, auditory
cues are crucial for accurately localizing objects in both
time and space. However, the absence of fine-grained audio-
visual scene annotations limits comprehensive evaluation, as
shown in Tab. 1. To fill this gap, we propose R-AVST dataset
and three reasoning tasks designed for spatio-temporal rea-
soning in complex audio-visual scenarios, as Fig. 2 shows.

Audio-Visual Temporal Reasoning How to ground the
temporal period when an object makes sound and is visi-
ble helps us better extract key information from audio-visual
video scenarios. In this dimension, we design the Audio-
Visual Temporal Reasoning task to infer about the time
when the object appears and makes sound.

Audio-Visual Spatial Reasoning To better capture the
spatial relationships among objects in audio-visual events,
we introduce a novel Audio-Visual Spatial Reasoning
task that considers both sound-emitting and non-sound-
emitting objects. Given a specific temporal segment of an
audio-visual event, Video-LLMs are supposed to accurately
ground the target objects within the scene.

Audio-Visual Spatio-Temporal Reasoning In real-world
scenarios, human perception of the audio-visual events is
usually a process of simultaneously obtaining temporal
and spatial information. Therefore, Audio-Visual Spatio-
Temporal Reasoning task aims to evaluate the joint under-
standing ability of the model for temporal and spatial infor-
mation in audio-visual scenes, making it closer to the real
perception mechanism of human beings. Specifically, given
that an object is known to have both visible and audible state,
the task objective is to identify the temporal period when the
object appears and further locate its spatial position within
these periods.

Dataset Construction
Data Collection and Filtering We collect videos from
UnAV-100 (Geng et al. 2023), an audio-visual dataset of
untrimmed videos covering diverse domains. Starting from
raw YouTube videos and the corresponding event captions,
we employ a filtering strategy to select high-quality sam-
ples, aiming to ensure comprehensive coverage of com-
plex audio-visual scenarios. As detailed in Fig. 2, the fil-
tering involves three steps to balance video duration, event
count, and event coverage ratio. First, videos are grouped
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Figure 3: Statistics of R-AVST dataset. (a) Duration distribution of different event categories in descending order, where colors
represent their corresponding coarse-grained categories. (b) Duration distribution of all videos. (c) Distribution of the number
of audio-visual events per video. (d) Word cloud of event categories.

into short (0-20s), medium (20-40s), and long (40-60s) du-
rations, excluding extremely short clips and merging over-
lapping events. Second, we limit videos to at most three
audio-visual events, ensuring a balanced distribution of 1,
2, and 3-event videos to facilitate clearer scene-level evalu-
ation. Third, videos with an event-to-total (ET) duration ra-
tio below 0.08 are removed, retaining those where meaning-
ful events occupy a substantial portion. Finally, we curate a
dataset of 5,237 high-quality videos, encompassing a wide
variety of complex audio-visual scenarios.

Caption Analysis Audio-visual spatio-temporal reason-
ing tasks typically focus on objects, mostly expressed as
nouns in captions. We use GPT-4o-mini (Hurst et al. 2024)
as an Analyzer LLM to extract noun-based objects from cap-
tions, as shown in Fig. 2. To capture the multi-modal nature,
tailored prompts guide the model to annotate each object’s
auditory and visual attributes in a standardized format. We
query the analyzer by emphasizing the definition of audibil-
ity in object-sound relations to improve analysis accuracy.
For example, in the caption “A group of people are sailing
on silver sailboats”, “a group of people” is labeled “visi-
ble&audible” while “silver sailboats” is “visible-only”. Fi-
nally, we identify 27,253 objects in audio-visual event cap-
tions in total, with 50.88% labeled in “visible&audible”.

Bounding Box Annotation Based on caption analysis
and temporal annotations, we perform spatial annotation

on video frames within audio-visual event segments. To
reduce the high annotation cost of large-scale videos, we
leverage the automatic tool, Grounded-SAM2 (Ravi et al.
2024), for fine-grained, frame-by-frame object annotation.
The pipeline extracts frames corresponding to each event
and constructs textual prompts based on object informa-
tion derived from caption analysis, which are then fed into
Grounded-SAM2 (Ravi et al. 2024).

Automatic QAs Generation To align with the three rea-
soning tasks we propose for audio-visual scenes, R-AVST
defines three corresponding question types: when (tempo-
ral), where (spatial), and what (object). Below are question
detailed settings for each task:
• Audio-Visual Temporal Reasoning: With certain visible

and audible objects, the question is formulated as: When
is the moment [objects] make sound and are visible?

• Audio-Visual Spatial Reasoning: Given a time interval,
the questions are formulated as: (1) For sounding-visible
objects: What objects make sound between [start time]
and [end time], and where are they? (2) For silent-
visible objects: What silent objects can be seen between
[start time] and [end time], and where are they?

• Audio-Visual Spatio-Temporal Reasoning: With certain
visible and audible objects, the question is formulated
as: When is the moment [objects] make sound and are
visible, and where are they?
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Dataset #Vid #Cls Len #Obj Mod TB SA

Charades-STA 10,009 157 30s - V ✓ ✕
AVE 4,143 28 10s - VA ✓ ✕
UnAV-100 10,790 100 42.1s - VA ✓ ✕
PU-VALOR 114,000 - 10s - VA ✓ ✕
LongVALE 8,411 - 235s - VA ✓ ✕

VidSTG 6,924 79 28.01s 1 V ✓ ✓
HCSTVG-v1 5,660 1 20s 1 V ✓ ✓
HCSTVG-v2 16,544 1 20s 1 V ✓ ✓
BOSTVG 10,018 23 36.5s 2.4 V ✓ ✓
V-STaR 2,094 - 110.23s - V ✓ ✓

AVSBench-V1 5,356 23 5s - VA ✕ ✓
AVSBench-V2 12,356 70 7.64s - VA ✕ ✓
VPO 22,019 21 10s - VA ✕ ✓
LU-AVS 7,200 88 41.97s - VA ✕ ✓

R-AVST (Ours) 5,237 100 42.17s 5.2 VA ✓ ✓

Table 1: Comparison of R-AVST with previous related
datasets. #Cls: event category number; Len: average video
duration; #Obj: average video object number; Mod: modal-
ity of event captions; V: visual events; VA: audio-visual
events; TB: temporal boundary; SA: spatial annotation.

The answer follows a unified format, with different tags de-
pending on the question type. Programs extract object audio-
visual labels and generate corresponding QAs. The training
set contains 2,663 temporal, 2,666 spatial, and 1,204 spatio-
temporal questions, while the test set includes 663, 664, and
306 questions of each type, respectively.

Quality Control To ensure the high quality of the R-
AVST dataset, we conduct manual verification of the spatio-
temporal annotations and QAs at this stage. Videos with in-
correct spatio-temporal annotations or inaccurate QAs are
removed. This process enhances the robustness and accu-
racy of the R-AVST dataset, providing a more reliable basis
for further evaluating of Video-LLMs.

Dataset Analysis
Overview Overall, we introduce R-AVST, the first dataset
specifically designed to evaluate the spatio-temporal rea-
soning capabilities of Video-LLMs in complex audio-visual
scenarios. As illustrated in Fig. 3, the dataset comprises
5,237 videos of 100 categories for over 220,833 seconds,
with an average duration of 42.17 seconds per video. The
training/test split has 4,171/1,066 videos with 6,533/1,633
QAs, respectively. These videos encompass a wide range of
audio-visual events, with a relatively balanced distribution
across videos containing 1, 2, or 3 events. Importantly, each
video is accompanied by fine-grained spatio-temporal anno-
tations, providing strong support for advancing research in
reasoning within complex audio-visual video contexts.

Comparisons with Existing Datasets As shown in Tab. 1,
we compare R-AVST with existing relevant datasets (Gao
et al. 2017; Tian et al. 2018; Tang et al. 2025b; Geng et al.
2023, 2025; Zhang et al. 2020; Tang et al. 2021; Yao et al.
2025; Cheng et al. 2025; Zhou et al. 2022, 2025; Liu et al.

Figure 4: Model architecture of our AVST-Zero model. The
multi-dimensional reward design allows AVST-Zero to per-
form exceptionally well in spatio-temporal reasoning tasks.

2024; Chen et al. 2024a). Existing datasets primarily fo-
cus on general temporal or visual grounding scenarios and
lack fine-grained modeling of audio-visual scenarios. On the
other hand, while datasets such as AVSBench (Zhou et al.
2022, 2025), VPO (Chen et al. 2023), and LU-AVS (Liu
et al. 2024) focus on spatial localization of audible objects,
they often neglect the temporal aspect. In contrast, R-AVST
covers a wider range of events and objects, and is tailored for
fine-grained spatio-temporal reasoning in real-world audio-
visual scenes, offering a more comprehensive benchmark for
complex video reasoning tasks.

AVST-Zero

To further enhance the spatio-temporal reasoning capa-
bilities of Video-LLMs, we fine-tune the model with
GRPO (Shao et al. 2024), along with task-oriented rewards
designed to improve performance on the audio-visual spatio-
temporal reasoning domain.

Group Relative Policy Optimization

GRPO is a reinforcement learning (RL) method and can
be used in multimodal large language models (MLLMs) to
guide task alignment through reward functions. It differs
from PPO in that it reduces reliance on a critic model by
directly comparing groups of generated responses. Specifi-
cally, for each question q, GRPO (Shao et al. 2024) samples
a set of outputs {o1, o2, . . . , oe} from the old policy πθold ,
and then optimizes the policy πθ by maximizing the objec-
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tive defined as:

JGRPO(θ) = E
[
q ∼ P (Q), {oi}Gi=1 ∼ πθold(O | q)

]
1

G

G∑
i=1

(
min

(
πθ(oi | q)
πθold(oi | q)

Ai,

clip

(
πθ(oi | q)
πθold(oi | q)

, 1− ε, 1 + ε

)
Ai

)
− β DKL(πθ∥πref)

)
, (1)

where Ai denotes the relative advantage of the i-th sam-
ple within the group of generated responses, estimated di-
rectly from rule-based rewards {r1, r2, . . . , rG}. The term
DKL (πθ∥πref ) denotes the KL divergence, which measures
the degree to which the optimized policy model πθ deviates
from the reference model πref . The hyper-parameters ε and
β control the clipping threshold of the advantages and the
penalty intensity of the KL-regularization term, respectively.

Rewards Design
To align with the specific characteristics of our tasks, we
introduce four distinct reward components: format, object,
temporal, and spatial. Each is designed to capture and rein-
force a particular dimension of the tasks.

Format Reward The reward Rformat assesses the format
consistency of outputs by checking whether the required tag
pairs (<answer>, <object>, <when>, <where>) are
correctly included and matched, based on task requirements.

Object Reward We use Word2Vec (Mikolov et al. 2013)
to quantify the semantic similarity between the predicted
and ground truth object names, which helps mitigate mis-
classification caused by lexical variations. The similarity
sim (Vpred, Vgt) is defined as:

sim (Vpred, Vgt) =
Vpred · Vgt

∥Vpred∥ ∥Vgt∥
, (2)

where Vpred and Vgt denote the word embeddings of the pre-
dicted and ground truth object names, respectively. Based
on this, the object reward is defined as follow, where τ is the
similarity threshold.

Robject =

{
1, if sim (Vpred, Vgt) ≥ τ.

0, otherwise.
(3)

Temporal Reward To enhance the model’s temporal rea-
soning ability, this reward evaluates the accuracy of pre-
dicted audio-visual event segments by measuring the over-
lap between the predicted interval Ipred and the ground truth
interval Igt. The temporal reward computation is defined as
their intersection-over-union (IoU) ratio:

Rtemporal =
|Ipred ∩ Igt|
|Ipred ∪ Igt|

. (4)

Spatial Reward To enhance fine-grained spatial reason-
ing, we define a spatial reward as the average 2D IoU
between predicted and ground truth bounding boxes over
their overlapping temporal interval. For each time point
t ∈ [Tstart, Tend], the IoU is computed as follow if the ob-
ject prediction is correct:

IoU(t) =
Area(Bpred(t) ∩Bgt(t))

Area(Bpred(t) ∪Bgt(t))
. (5)

Therefore, the spatial reward Rspatial can be computed as the
mean IoU over all N time points:

Rspatial =
1

N

Tend∑
t=Tstart

IoU(t). (6)

Final Reward The total reward is computed by the
weighted sum of the rewards in different parts as:

R = λfRformat + λtRtemporal + λoRobject + λsRspatial. (7)

For all tasks, λf = 1, while other parameters (λt, λo, λs) are
set depending on the task type.

Experiments
Experimental Settings
In experiments, we base Qwen2.5-VL 7B (Bai et al. 2025)
and Qwen2.5-Omni 7B (Xu et al. 2025) to fine-tune two
model variants on our R-AVST dataset, namely AVST-Zero
and AVST-Zero-Omni, respectively. Training is conducted
on four NVIDIA RTX A6000 GPUs for a single epoch, with
a batch size of 1 on each device. The group generation num-
ber is set to 6.

Quantitative Results
As shown in Tab. 2 and Tab. 3, we compare our models with
existing advanced models (Bai et al. 2025; Xu et al. 2025;
Cheng et al. 2024; Li et al. 2024; Chen et al. 2024b; Li et al.
2025b; Feng et al. 2025). The evaluation is conducted on
the R-AVST test set. In Tab. 2, for the audio-visual spa-
tial reasoning task, AVST-Zero performs similarly to other
models in m vIoU but slightly outperforms them in AP@0.3
with 3.12%. For the audio-visual spatio-temporal reason-
ing task, AVST-Zero shows significantly better performance,
achieving 46.04% m tIoU and 8.59% m vIoU. As shown
in Tab. 3, AVST-Zero leads in average temporal perception
for the audio-visual temporal reasoning task with an m tIoU
of 47.96%. We also observe that AVST-Zero-Omni achieves
higher prediction accuracy than AVST-Zero in the object and
spatial dimensions, while performing worse in the tempo-
ral dimension. This is attributed to the base model’s strong
audio–visual joint perception but relatively weak temporal
perception capabilities. These results show that our AVST-
Zero variants perform competitively across all three tasks,
confirming their effectiveness.

Ablation Study
We conduct ablation experiments on a test subset with a bal-
anced ratio 1:1:1 of the three task types to comprehensively
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Method
Audio-Visual Spatial Reasoning Audio-Visual Spatio-Temporal Reasoning

Object Spatial Temporal Spatial

Accuracy m vIoU AP@0.3 AP@0.5 m tIoU R1@0.3 R1@0.5 R1@0.7 m vIoU AP@0.3 AP@0.5

Qwen2.5-VL(7B) 1.91 2.31 0.90 0.15 34.55 45.10 29.74 15.69 1.37 1.14 0.65
Qwen2.5-Omni(7B) 14.04 1.96 2.43 1.24 33.44 43.46 19.28 9.80 2.85 2.99 1.04
Video-LLaMA3(7B) 15.07 1.27 0.16 0.15 37.43 50.65 34.64 22.22 1.69 1.63 0.00
GroundingGPT(7B) 0.55 0.16 0.00 0.00 13.65 15.05 6.02 1.67 5.59 3.68 0.00
InternVL2.5(8B) 15.97 0.74 0.66 0.00 21.46 26.47 13.07 7.52 2.87 2.80 0.00
Video-R1(7B) 13.02 1.19 0.95 0.40 22.05 26.47 10.13 5.23 0.15 0.11 0.00
VieoChat-R1(7B) 15.54 1.99 3.11 0.36 41.81 60.78 44.77 25.49 2.15 3.21 0.60

AVST-Zero (7B) 14.34 2.27 3.12 0.87 46.04 67.32 46.08 23.53 8.59 10.38 3.83
AVST-Zero-Omni (7B) 19.48 3.87 4.47 2.17 35.97 50.00 20.92 10.46 17.74 22.90 12.26

Table 2: Comparison of different Video-LLMs for audio-visual spatial and spatio-temporal reasoning tasks on R-AVST test set.

Method Audio-Visual Temporal Reasoning

m tIoU R1@0.3 R1@0.5 R1@0.7

Qwen2.5-VL(7B) 36.05 46.40 34.38 16.22
Qwen2.5-Omni(7B) 30.70 37.09 18.92 9.01
Video-LLaMA3(7B) 37.17 50.30 35.29 22.67
GroundingGPT(7B) 10.77 11.06 5.38 1.84
InternVL2.5(8B) 18.37 22.07 10.21 5.26
Video-R1(7B) 22.48 22.82 12.16 6.01
VieoChat-R1(7B) 43.17 60.81 46.70 25.68

AVST-Zero (7B) 47.96 71.13 51.43 23.91
AVST-Zero-Omni (7B) 34.79 51.05 21.32 11.56

Table 3: Comparison of different Video-LLMs for audio-
visual temporal reasoning tasks on R-AVST test set.

Model AVTR AVSR AVSTR
m tIoU Obj Acc m vIoU m tIoU m vIoU

SFT 42.84 9.52 3.42 38.40 4.26
AVST-Zero 48.17 20.72 4.62 46.93 10.87
AVST-Zero
(w/o temporal reward) 46.67 23.95 4.54 45.82 8.31

AVST-Zero
(w/o spatial reward) 47.03 23.17 3.28 44.29 9.23

Table 4: Ablation study on supervised fine-tuning (SFT) and
the reward components. AVTR, AVSR, and AVSTR denote
the Audio-Visual Temporal, Spatial, and Spatio-Temporal
Reasoning tasks, respectively.

assess the impact of each reward. As shown in Tab. 4, remov-
ing the temporal reward reduces temporal accuracy from
48.17% to 46.67%, while removing the spatial reward sig-
nificantly lowers m vIoU, from 4.62% to 3.28% (spatial rea-
soning) and from 10.87% to 9.23% (spatio-temporal reason-
ing). Meanwhile, we also observe that the interdependence
of the spatio-temporal dimension leads to cross-effects be-
tween different reward modules. Moreover, compared with
simple SFT, directly applying RL yields more substantial
benefits across all three tasks, suggesting that RL is better
suited to the tasks’ fine-grained nature.

Figure 5: Qualitative results. For the bounding boxes in the
video: green denotes the ground truth, blue comes from
VideoChat-R1, yellow from Qwen2.5-VL, and red from our
AVST-Zero.

Qualitative Results
As shown in Fig. 5, Qwen2.5-VL (Bai et al. 2025) predicts
sparse and inaccurate object locations. VideoChat-R1 (Li
et al. 2025b) correctly identifies the girl, but our model
yields results closer to the ground truth, with more accurate
object recognition and spatial localization.

Conclusion
We introduce R-AVST, a video dataset with fine-grained
spatio-temporal annotations for complex audio-visual sce-
narios. Based on this dataset, we define three special-
ized reasoning tasks with automatically generated QAs. To
support these tasks, we develop AVST-Zero, trained with
GRPO and task-specific reward functions to improve spatio-
temporal reasoning. Experimental results show that R-AVST
advances research in audio-visual scenes, with our model
demonstrating its effectiveness on these tasks.
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