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Abstract

Embodied Action Sequence Planning focuses
on the capability of embodied agents to imple-
ment action planning via environmental percep-
tion. This technology enables diverse intelli-
gent assistance for real-world scenarios such
as home and office environments. To address
the limitations of existing embodied agents in
meeting the requirement for proactivity and
achieving joint understanding of visual and au-
dio information, this study investigates the abil-
ity of embodied agents to proactively provide
assistance through action sequence planning
based on joint understanding of vision and au-
dio perception without explicit human instruc-
tions. Correspondingly, we propose PEAP, the
first multimodal proactive embodied action se-
quence planning dataset. We evaluate the per-
formance of multiple Large Language Models
on the PEAP dataset. The results demonstrate
that these models still exhibit significant defi-
ciencies on this task particularly lacking accu-
rate environmental perception capabilities. Fur-
thermore, ablation experiment and replacement
experiment further corroborate that the joint
understanding of multimodal information can
significantly improve the models’ performance
on proactive embodied action sequence plan-
ning task. Our dataset and code are publicly
available1.

1 Introduction

Embodied action sequence planning technology
focuses on embodied agents’ environmental per-
ception capabilities, aiming to achieve natural in-
teractions between the agent, the environment, and
humans, while providing diverse assistance for
practical settings such as home and office (Yang
et al., 2025a; Duan et al., 2022; Wu et al., 2023).
This technology can offer auxiliary support to users

*Equal contribution
†Corresponding author
1https://github.com/BITHLP/PEAP

Figure 1: PEAP: Proactive Embodied Action Sequence
Planning with Joint Understanding of Vision and Audio
Perception

in work scenarios. For instance, answering task
operation questions, retrieving task-related infor-
mation, and responding to users’ basic needs dur-
ing task progression (Fan et al., 2025; Ren et al.,
2024). However, in scenarios requiring the em-
bodied agent to make proactive response decisions
based on environmental conditions, like emergency
handling and prediction of potential needs, passive
embodied action planning struggles to meet the
requirements because it relies on explicit instruc-
tions to trigger responses (Zhao et al., 2025a; Yang
et al., 2025b). Therefore, we need embodied agents
to proactively perceive environmental states, pre-
dict users’ potential demands, and initiate proactive
action planning to achieve efficient responses.

To address the aforementioned limitations of pas-
sive embodied action planning, the proactive em-
bodied action planning mechanism should achieve
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efficient responses to such needs (Kraus et al.,
2020; Gao et al., 2022; Zhang et al., 2025). Com-
pared with passive embodied agents, proactive em-
bodied action planning can autonomously assess
the surrounding environment and occurring events,
thereby determining whether action is required
and the specific course of action, eliminating the
intermediate link of human-initiated instructions.
Consequently, this technology reduces users’ op-
erational burden, identifies users’ unexpressed po-
tential needs, and improves service execution effi-
ciency and user interaction experience (Zhao et al.,
2025b; Lu et al., 2024).

Proactive embodied action planning agents need
to possess the capability of multimodal percep-
tion and joint understanding. When conducting
scene comprehension, they must synchronously in-
tegrate multimodal inputs such as vision, audio,
and text, fully capture visual details, sound sig-
nal features, and linguistic interaction information
in the scene, and achieve comprehensive percep-
tion and judgment of complex scenarios. On the
other hand, Proactive embodied action planning
also needs the ability of in-depth mining of audio
information to perceive scene attributes and sound
events contained in background audio, and lever-
age such environmental acoustic information for
scene understanding and user demand prediction,
rather than focusing solely on the semantic content
of the speaker.

To address the aforementioned requirements,
this paper proposes PEAP, a dataset for proactive
embodied action planning. The dataset includes
real-life scenarios and corresponding audio data in
each scenario. In each data sample, visual scene
information and audio information collaboratively
construct the context for the agent. The agent is
required to output proactive assistance schemes
or response content that aligns with scene needs
through the joint understanding of vision and au-
dio information. As illustrated in Figure 1, agents
with multimodal joint perception capabilities can
respond correctly in emergency scenarios, while
passive agents and single-modal agents fail due to
their inability to take proactive actions and detect
sound information.

To verify the effectiveness and practicality of
PEAP, we test multiple large language models on
this dataset, categorizing all models into cascaded
schemes and end-to-end schemes. By annotating
and constructing a training dataset for the Evalua-
tion Model (EM), we complete the fine-tuning and

optimization of the EM and establish a quantitative
evaluation system with both objectivity and stabil-
ity. Through the evaluation experiments, we re-
veal the capability characteristics and performance
boundaries of these models in proactive embod-
ied action planning tasks. Additionally, ablation
and replacement experiments confirm the neces-
sity of multimodal information joint understanding
for proactive embodied action sequence planning
tasks.

The main contributions of this paper can be sum-
marized as follows:

(1) Innovative Task: To our knowledge, we are
the first to investigate the capability of embodied
agents to deliver proactive assistance through ac-
tion planning in multimodal scenarios.

(2) New Dataset: We construct the first multi-
modal proactive embodied action planning dataset
PEAP, which surpasses existing datasets in terms
of proactivity, multimodality, information joint un-
derstanding, and the number of scenarios.

(3) Systematic and Comprehensive Evalua-
tion: We conduct comprehensive assessment of
LLMs and in-depth analysis of the actions they
take, revealing the deficiencies of LLMs in environ-
mental perception as well as the importance of joint
understanding of vision and audio for this task.

2 Related Work

2.1 Action Planning Agents

With the continuous advancement of large language
models (LLMs) (DeepSeek-AI et al., 2024; Ope-
nAI et al., 2023; Grattafiori et al., 2024; Yang et al.,
2025) and embodied action planning technology
(Tang et al., 2025; Nuzzi et al., 2024; Fan et al.,
2025; Ren et al., 2024), action planning agents
have been practically applied in multiple domains
of daily life and work. Existing studies have ex-
plored the application scenarios of action planning
agents, covering areas such as home assistants(Ahn
et al., 2022), computer operation (Qian et al., 2023;
Qin et al., 2023), and personal assistants(Yang et al.,
2024). The research focus of these studies is cen-
tered on enhancing the performance of LLM-based
Agents in core capability dimensions, specifically
including task planning(Yao et al., 2022), logical
reasoning(Mialon et al., 2023), and multi-agent col-
laboration capabilities(Zhang et al., 2023; Divekar
et al., 2019).

Although the aforementioned studies have con-
structed a variety of task-specific frameworks and
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DataSet Proactive Multimodal Audio & Vision Joint Scenarios
Text Audio Vision Understanding

Mem-PAL(Huang et al., 2025) ✘ ✔ ✘ ✘ ✘ 100
PACHAT(Fu et al., 2025) ✘ ✘ ✔ ✘ ✘ 21

OphGLM(Deng et al., 2024) ✘ ✔ ✘ ✔ ✘ 1
LlamaPIE(Chen et al., 2025) ✔ ✘ ✔ ✘ ✘ 5

ProactiveBench(Lu et al., 2024) ✔ ✔ ✘ ✘ ✘ 3
PROASSIST(Zhang et al., 2025) ✔ ✔ ✘ ✔ ✘ 4

DialFRED(Gao et al., 2022) ✔ ✔ ✘ ✔ ✘ 25

PEAP ✔ ✔ ✔ ✔ ✔ 122

Table 1: Comparison between PEAP and other datasets

datasets, they all focus on passively responsive ac-
tion planning agents. Such Agents rely on explicit
user instructions to determine the timing of task
initiation and lack the core capability to perceive
scenario information and proactively provide as-
sistance autonomously (Zhao et al., 2025a; Yang
et al., 2025b). In contrast, this study focuses on in-
vestigating the assistance capability of LLM-based
action planning agents in proactive action planning
scenarios, filling the gap in the "initiative" dimen-
sion existing in these works.

2.2 Proactive Embodied Agents

Proactive embodied agents can act without waiting
for explicit instructions from humans and possess
autonomous initiative. Some existing studies focus
on endowing agents with active interaction capabil-
ities. For instance, enabling them to proactively ask
users questions or initiate new topics (Gao et al.,
2022; Zhang et al., 2025). This allows for clarify-
ing originally ambiguous semantics during inter-
action or putting forward innovative suggestions.
Other studies focus on active operation assistants,
covering both computer-based and mobile opera-
tion assistants (Zhao et al., 2025b; Lu et al., 2024).
By monitoring screen information of electronic
devices, such assistants perceive users’ intentions
and real-time events, and then proactively provide
assistance. In addition, some studies have put for-
ward targeted insights regarding the construction of
evaluation systems for Proactive Embodied Agents,
providing references for the improvement of evalu-
ation standards in this field (Liu et al., 2025).

However, existing research related to Proactive
Embodied Agents has not focused on full-modal
scenarios with simultaneous input of audio, visual,
and text information (Hassan et al., 2024; Zhao
et al., 2025a; Fan et al., 2024; Kim et al., 2025),

whereas real-world scenarios often contain informa-
tion from these three modalities. Meanwhile, some
works merely use audio as a tool for inputting and
outputting semantic information in task settings, ig-
noring the vast amount of information in the audio
background that can indicate sound events or the
main subjects of the scene (Jolibois et al., 2023;
Shubham et al., 2022; Yang et al., 2025a). In practi-
cal situations, this may lead to incorrect judgments
about the scene and thus the inability to provide ap-
propriate responses. To address this deficiency, our
work focuses on researching the ability of Proactive
Embodied Agents to jointly understand multimodal
information and the impact of background audio
information on the responses made by Agents.

We have listed a comparison between PEAP
and other datasets in terms of Proactive and Mul-
timodality in the Table 1. The proposed PEAP is
the only dataset that achieves full-modal input and
proactive action planning.

3 Data Construction

We introduce the Task Definition and the construc-
tion process of the dataset, including Data Col-
lection, Data Filtering & Annotation and Quality
Control.

3.1 Task Definition

Our task aims to evaluate embodied agents’ capabil-
ity to provide proactive assistance via action plan-
ning in multimodal scenarios. Embodied agents
receive three types of scene information: visual
scene information V , audio scene information A,
and textual task description T , where V and A have
specific logical correlations. Agents are required to
identify scene demands and plan actions through
multimodal joint perception of V and A.
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Drawing on prior works in embodied intelli-
gence (Ma et al., 2024; Shridhar et al., 2019) and
robotic manipulation (Tellex et al., 2011; Bai et al.,
2025), we define three action categories for embod-
ied agents as shown in Table 2.

Each action output follows the format: [Major-
Category][Subcategory]SpecificContent. For in-
stance, [Manipulation][Grab] Grab a towel from
the shelf in the bathroom.

The task is formally defined as:

ActionSequence(Action1, Action2, ...,

Actionn) = EmbodiedAgent(V,A, T )
(1)

where Actioni denotes the i-th action in the se-
quence, V = Vision, A = Audio, T = Task descrip-
tion.

3.2 Data Collection
To address the deficiency in existing embodied
agent action planning datasets that lack joint un-
derstanding of Audio and Vision information, we
extract data of images and audio from existing pub-
lic datasets. The adopted image datasets include
SUN397(Xiao et al., 2010), MIT67 (Quattoni and
Torralba, 2009) and Place365 (Zhou et al., 2017),
while the audio datasets cover UrbanSound8K
(Salamon et al., 2014), FSD50K (Fonseca et al.,
2021) and ESC-50 (Piczak, 2015). Subsequently,
we manually paired scene categories with audio cat-
egories to ensure that the paired audio has a reason-
able possibility of occurring in the corresponding
scene to achieve logical relevance between scenes
and audio. A typical example is matching the fire
station scene with the siren sound. Through pair-
wise matching, we constructed the initial scene-
audio data pairs. To further ensure the natural con-
sistency between scenes and audio, we additionally
collected sound-containing video data from Ego4D
(Grauman et al., 2021) and VGGSound (Chen et al.,
2020) and incorporated it into the dataset of this
study. We present some examples of scene-audio
pairings in Table 3.

3.3 Data Annotation & Quality Control
During the data filtering and annotation phase, we
employed the image captioning model JoyCaption2

and the audio captioning model AudioFlamingo33.
With the ground truth labels of images and audio

2https://hf-mirror.com/fancyfeast/
llama-joycaption-beta-one-hf-llava

3https://hf-mirror.com/nvidia/
audio-flamingo-3

provided, the two models were driven to generate
textual descriptions corresponding to the input im-
ages and audio, respectively. Subsequently, we
adopted the DeepSeek-V3.24 model to perform
data filtering based on the generated textual de-
scriptions of images and audio, ensuring that the
assistance task has a clear execution direction un-
der the condition of specific scenes combined with
concrete sound events. For the filtered data that
meet the directional requirements, we further lever-
aged DeepSeek-V3.2 to annotate the core content
of the assistance task.

To ensure data quality, we adopt a quality control
strategy involving manual review, where experts
audit the data annotated by large models to guaran-
tee the relevance between scenes and audio as well
as annotation accuracy. During the manual verifi-
cation of data annotated by large models, human
annotators can not only choose to accept or reject
the annotations but also revise the original annota-
tion content generated by the model, so as to avoid
anchoring bias caused by model annotation. Ulti-
mately, 10% of the final obtained data is randomly
sampled for manual inspection, with an annotation
consistency rate of over 95% (Lu et al., 2020). It
should be clarified that the answers we annotated
represent the general content of the appropriate
assistance directions corresponding to each scene
combined with audio, serving as a description of
the assistance directions rather than specific action
sequences. Therefore, action sequences generated
by multiple different models can all meet the re-
quirements and be accepted after being judged by
the evaluation model. This ensures that our task
can, to a certain extent, adapt to situations where
different reactions occur in the real world for the
same scenario, as long as consistency with the di-
rection of the answers is maintained, as shown in
Figure 9. In addition, our data includes a number
of no-action-needed cases, for which the annotated
answer is to take no assisting action. During test-
ing, the model should choose not to perform any
assisting action for these cases, which will be re-
garded as correct. Through the above annotation
process, we can see that PEAP is a controlled, nor-
mative benchmark rather than a human-grounded
simulation of real-world proactive behavior, and
it accommodates diverse possibilities in the real
world.

The prompt formats for textual description gen-

4https://api-docs.deepseek.com/
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Action Category Description Examples
Movement Positional movement Walking forward, Turning around

Manipulation Object interaction Grabbing a towel, Opening a door
Conversation Verbal behavior Inquiring about something, Raising a topic

Table 2: Three action categories for embodied agents and their description and examples.

Scenes Audios

Airport
A baby is crying
A person coughs

An aircraft can be heard

Classroom
A door is slammed

A female teacher or student is speaking
Footsteps are heard

Gym
A person is running on a treadmill

A person is shouting during a workout
Footsteps are heard on the gym floor

Table 3: Examples of several scenarios and sound events
that may occur in them.

eration, data filtering, and answer annotation are de-
tailed in Appendix A.1. Finally, we filtered and an-
notated the PEAP dataset, which covers 122 scenes
and contains a total of 19963 data entries. The
format of the data samples and the details of the
dataset are presented in the Appendix B.

3.4 Quality Validation
Following previous work (Lu et al., 2020), we ran-
domly sampled 2000 data entries from it and man-
ually evaluated whether each sample has a clear
assistance direction and whether the annotated as-
sistance content is accurate. The evaluation results
show that the valid acceptance rate of the dataset
reaches as high as 98.9%.

4 Evaluation

4.1 Metrics
Following previous work (Xie et al., 2020; Bilen
et al., 2020; Lu et al., 2024), we set four distinct
metrics to evaluate the quality of the action se-
quences generated by the model. (1) Scene Recog-
nition (SR): whether the model can identify the cur-
rent scene through visual information. (2) Sound
Events Recognition (SER): whether the model can
recognize the ongoing event through audio input.
(3) Assistance Provide (AP): whether the model
provides assistance to humans in the scene. (4)
Overall: This metric measures the consistency be-
tween the action sequences generated by models
and the reference answers of each data sample,

Model SR SER AP Overall
Qwen3-8B 29.3 62.0 52.7 61.3
Llama3-8B 64.0 50.7 65.3 64.7

Deepseek-api 82.0 77.3 68.7 92.7
Qwen3-8B-FT 74.0 80.0 80.7 89.3
Llama3-8B-FT 93.3 92.0 82.0 88.7
OurMethod 98.0 99.3 96.7 98.7

Table 4: Evaluation models’ performance on the evalua-
tion test dataset.

and directly reflects whether models complete the
PEAP task.

For the three aforementioned sub-metrics, we
adopt the evaluation model introduced in the next
subsection to conduct independent judgments. For
any given model response, the PEAP metric is
scored as 1 only if the judgment results of all three
sub-metrics meet the requirements; otherwise, it is
scored as 0.

4.2 Evaluation Model

We introduce evaluation models to score the re-
sponses generated by the model. For the four met-
rics mentioned earlier, the evaluation model assigns
a binary score of 0 or 1 to determine whether the
response meets the answer requirements for a spe-
cific metric. To improve the scoring accuracy of the
evaluation model, we manually annotated training
data for further training of the evaluation model.
Meanwhile, we incorporate a human inspection
step into the evaluation scheme to ensure accuracy
further.

We select data samples from all scenes in PEAP
and use these data to test all of our test models and
obtain the output. We recruited master’s and doc-
toral students specializing in artificial intelligence
to conduct manual annotation and scoring of the
dataset based on four evaluation metrics, eventually
forming approximately 6k evaluation data samples
with about 1.5k corresponding to each metric.

We test the scoring accuracy of Qwen3-8B,
Llama3-8B, and DeepSeek as evaluation models.
To improve the judgment accuracy of Qwen3-8B
and Llama3-8B, we adopt the LoRA method to
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fine-tune the two models on the training set of the
evaluation data. The test results of all evaluation
models are shown in Table 4. It can be seen that the
judgment accuracy of Qwen3-8B and Llama3-8B
has been significantly improved after fine-tuning.

4.3 Evaluation Method

In the actual evaluation process, we use DeepSeek,
Qwen3-8B-FT, and Llama3-8B-FT simultaneously
to score the model outputs. If the three models
yield the same score for a single data sample, we
directly accept the result. Otherwise, we manually
score the data sample to ensure the accuracy of the
scoring results. The results in Table 4 show that
our method achieves high accuracy.

5 Experiment

5.1 Models

All the test models adopted in this study are divided
into two schemes, namely the cascade scheme and
the end-to-end scheme. In the cascade scheme,
we first leveraged the aforementioned JoyCaption
and AudioFlamingo3 models to generate textual
descriptions for image and audio data, respectively,
and then fed the scene information into text-modal
models. It should be noted that during the tex-
tual description generation phase, no ground-truth
labels of the data were provided to the caption-
ing models. This setting will lead to recognition
deviations in the models under certain circum-
stances, thereby simulating the error propagation
problem inherent in cascade models. The models
tested using the cascade scheme include Llama3-
8B (Grattafiori et al., 2024) and the 0.6B, 8B, and
32B versions of Qwen3 (Yang et al., 2025). The
format of the test prompts for cascade models is
detailed in the Appendix A.2.

In the end-to-end scheme, we directly input
image and audio information into multi-modal
models, relying on the models’ inherent cross-
modal understanding capabilities to parse image
and audio content, while describing task informa-
tion in textual form. The models tested using
the end-to-end scheme include Mini-omni(Xie and
Wu, 2024), MiniCPM(Hu et al., 2024), Stream-
omni(Zhang et al., 2025), Qwen3-omni(Xu et al.,
2025), VITA(Fu et al., 2024), GPT-4o(Hurst et al.,
2024), o4-mini5, Gemini-3 pro6. The format of the

5https://platform.openai.com/docs/models/
o4-mini

6https://deepmind.google/models/gemini/pro/

test prompts for end-to-end models is detailed in
the Appendix A.3.

5.2 Main Results

Table 5 presents the performance of various models
on the PEAP task. Overall, there exists a significant
performance gap among models: top-performing
models include Qwen3-32B, Qwen3-omni and
Gemini-3 Pro, all achieving overall scores exceed-
ing 70, while underperforming models such as
Qwen3-0.6B and Mini-omni yield notably low
overall scores.

Analysis of the three sub-metrics reveals that
the final model performance is constrained by the
weakest sub-metric. This is because accurate ac-
tion planning relies on the synergistic integration
of Scene Recognition, Sound Events Recognition
and effective Assistance Provide. A low score in
any sub-metric hinders the generation of correct
action plans. Take Qwen3-0.6B as an illustration.
This model performs moderately in Scene Recog-
nition but exhibits an extremely low Assistance
Provide score, ultimately leading to poor overall
performance on the PEAP task. This pattern is
most prominent in the VITA model, despite its high
accuracy in Scene Recognition under multimodal
input, its deficiencies in Sound Events Recogni-
tion and Assistance Provide result in task failure.
In contrast, top-performing models Qwen3-omni
and Gemini-3 Pro demonstrate robust performance
across all three sub-metrics, which contributes to
their high overall scores on the PEAP task. Case
studies on specific data are provided in Appendix
B.3.

6 Further Analysis

We conduct in-depth analysis to address three core
research questions (RQs) on proactive embodied
action planning. These questions explore the ra-
tionality of model-generated action sequences, key
factors influencing model performance, and the ne-
cessity of multimodal joint understanding.

6.1 RQ1: Will models take redundant actions
to improve the task completion rate?

Through this experiment, we hope to identify
whether the actions output by the models can hit
the core points specified in the reference answers
(Driess et al., 2023), that is, whether the models ac-
curately understand the key demands for assistance
in the scene. On the other hand, we also evaluate
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Model PEAP Task Action Analysis

SR SER AP Overall Precision Recall Macro-F1 Micro-F1

Cascade

Llama3-8B 80.0 58.5 45.3 41.0 49.6 44.2 40.3 46.7
Qwen3-0.6B 30.9 16.7 7.5 6.5 12.0 14.5 9.5 13.1
Qwen3-8B 81.4 77.9 73.5 68.8 53.9 55.7 49.2 54.8
Qwen3-32B 84.5 79.9 76.6 71.7 50.7 60.0 50.5 54.9

End2End

Mini-omni 14.6 8.5 6.9 5.9 8.2 3.1 2.0 4.5
MiniCPM 89.5 38.9 42.0 35.8 37.8 37.3 33.0 37.5

Stream-omni 60.8 28.4 23.9 21.6 27.4 32.6 23.4 29.8
Qwen3-omni 88.8 80.9 79.7 76.0 79.4 82.4 75.2 80.8

VITA 83.7 19.9 16.5 14.4 32.9 42.2 31.0 36.9
GPT-4o 67.3 56.4 61.4 56.4 45.1 54.0 45.8 49.2
o4-mini 72.3 61.4 67.3 61.4 54.3 60.2 55.8 57.1

Gemini-3 Pro 87.6 84.7 89.2 80.6 85.5 90.1 80.9 87.8

Table 5: Performance Comparison of Cascade and End2End Models on PEAP Task, Modality Ablation and Modality
Replacement Experiments. SR stands for "Scene Recognition". SER stands for "Sound Events Recognition". AP
stands for "Assistance Provide". Precision represents the proportion of actions predicted by the model that match
the actions in the answer. Recall represents the proportion of actions in the answer that are correctly predicted by
the model. F1 is the harmonic mean of Precision and Recall.

whether the models generate a large number of re-
dundant actions irrelevant to the final goals (Zhu
et al., 2021), and whether they achieve relatively
high scores through extensive guessing (Yao et al.,
2022). As shown in Figure 8 in the appendix, the
model outputs redundant actions irrelevant to the
scene semantics in this example.

The experiment of Action Analysis in Table 5
conducts a more detailed analysis of the actions out-
put by the models. We manually split the reference
answers of the test data into individual actions, and
also split the action sequences output by the models
into corresponding single actions. On this basis, we
separately calculate the proportion of actions in the
reference answers that are successfully output by
the models, and the proportion of actions output by
the models that match the reference answers. These
two metrics are represented by Recall and Preci-
sion, respectively, and the F1 score is calculated
accordingly.

The experimental results show that Gemini-3 Pro
and Qwen3-omni achieve relatively high scores,
while the scores of Qwen3-32B and o4-mini are not
as high as those in the PEAP task experiment. This
indicates that these two models may omit some
steps that do not affect the final result judgment
during the action prediction process. In addition,
the Recall of Qwen3-32B is significantly higher
than its Precision, which suggests that the model
outputs a large number of actions during prediction.
Although this enables the model to hit more actions

in the ground truth, it also reduces the Precision
score. This means that it improved its score on the
PEAP task by outputting some redundant actions.

6.2 RQ2: Does multimodal information input
help models improve their performance?

This experiment aims to verify that the joint un-
derstanding of multi-modal information effectively
improves the action planning performance of mod-
els. To this end, we design a modality ablation
experiment (McKinzie et al., 2024), remove ei-
ther the audio information or the vision informa-
tion from the original test set, respectively, and
observe the changes in the action planning capa-
bilities of all models under the conditions of Only
Vision and Only Audio, including whether the ca-
pabilities decline and to what extent the decline
occurs (Ao et al., 2025). If the action planning
scores of models show a significant decrease under
the single-modal input condition, it indicates that
single-modal information cannot provide sufficient
information for models in multi-modal scenarios to
determine which actions to take to assist humans
(Garrett et al., 2020).

As shown in Table 6, all models exhibit signif-
icant degradation in action planning performance
under single-modal input, with substantial score
declines regardless of baseline capabilities.Under
Only Vision, models lack audio semantic cues, fail-
ing to effectively identify event properties and re-
lying solely on visual features for reasoning. Un-
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Model V + A Only V Only A
Llama3-8B 41.0 30.0 1.1

Qwen3-0.6B 6.5 5.1 1.9
Qwen3-8B 68.8 36.7 1.7

Qwen3-32B 71.7 37.6 2.6
Mini-omni 5.9 2.1 0.9
MiniCPM 35.8 17.7 2.3

Stream-omni 21.6 11.6 2.1
Qwen3-omni 76.0 39.3 2.0

VITA 14.4 9.1 2.0
GPT-4o 56.4 21.7 3.0
o4-mini 61.4 38.5 2.1

Gemini-3 Pro 80.6 40.0 12.6

Table 6: Performance of Models Under Single Modality
Inputs. "Only V" denotes inputting only visual informa-
tion, and "Only A" denotes inputting only audio infor-
mation.

der Only Audio, models cannot access object spa-
tial distribution, severely limiting manipulation-
oriented action planning. Both scenarios confirm
that joint understanding of visual and audio infor-
mation is a core enabler for multimodal action plan-
ning.Model performance under Only Vision is gen-
erally superior to that under Only Audio. Visual
information encapsulates scene and object features,
supporting partial basic planning but remaining
far below the multimodal baseline; Only Audio
leaves models nearly unable to generate valid ac-
tion sequences. This demonstrates single-modal
information cannot meet the PEAP task’s cognitive
demands, and multimodal joint understanding is
a necessary prerequisite for proactive embodied
action planning.

6.3 RQ3: Do models really achieve joint
understanding of multimodal
information?

This experiment is designed to verify models’ gen-
uine joint understanding capability of visual-audio
multimodal information, ruling out the possibil-
ity of action plan generation via random guessing
or single-modal dependence (Chao et al., 2025).
Theoretically, the semantic connotation of a mul-
timodal scenario is co-constructed by visual and
audio information. A model with reliable joint
understanding capability should perceive and inte-
grate the semantic correlation between these two
types of information (Su et al., 2024). Conversely,
if a model only relies on single-modal information
or generates outputs through random strategies, its

Model No Repl. Repl. V Repl. A
Llama3-8B 41.0 8.8 14.3

Qwen3-0.6B 6.5 6.2 5.9
Qwen3-8B 68.8 9.7 29.2
Qwen3-32B 71.7 9.9 30.3
Mini-omni 5.9 5.2 3.1
MiniCPM 35.8 6.3 10.8

Stream-omni 21.6 4.3 18.9
Qwen3-omni 76.0 7.7 27.7

VITA 14.4 6.0 10.0
GPT-4o 55.4 8.7 19.8
o4-mini 61.4 9.1 20.1

Gemini-3 Pro 80.6 8.0 26.7

Table 7: Performance of Models Under Modality Re-
placement. "Repl. V" denotes replacing the visual
information, and "Repl. A" denotes replacing the audio
information.

performance will not fluctuate significantly with
the alteration of core modal information (Zhong
et al., 2024).

The experimental design is as follows: for each
sample in the original test set, visual information
replacement and audio information replacement are
performed separately. A pure black image is used
when replacing visual information, and pure noise
audio is used when replacing audio information.
Based on this, two modal mismatched test sets are
constructed, namely the vision-replaced test set
and the audio-replaced test set. By comparing the
performance of the original models on these two
mismatched test sets with the baseline performance
on the original multimodal test set, the extent of
performance degradation is analyzed to determine
whether the models truly possess multimodal joint
understanding capability.

Experimental results in Table 7 demonstrate that
after replacing either visual or audio information,
the scores of all models generally decrease sub-
stantially. This indicates that the process of mod-
els’ joint understanding of multimodal informa-
tion is disrupted by modality replacement. When
reasoning with the replaced scene or sound infor-
mation, the models generate outputs inconsistent
with the original answers. Additionally, some mod-
els exhibit relatively minor score changes, such as
Qwen3-0.6B. This suggests that such models may
adopt a fixed output mode and fail to fully con-
sider the impact of different sound events on scene
semantics.
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Model Origin T Simple T
Llama3-8B 41.0 33.0

Qwen3-0.6B 6.5 7.1
Qwen3-8B 68.8 59.7

Qwen3-32B 71.7 67.7
Mini-omni 5.9 4.3
MiniCPM 35.8 30.4

Stream-omni 21.6 15.3
Qwen3-omni 76.0 69.6

VITA 14.4 12.3
GPT-4o 55.4 40.1
o4-mini 61.4 50.8

Gemini-3 Pro 80.6 71.0

Table 8: Ablation experiment on descriptive text T. "Ori-
gin T" represents the result obtained using the original
text description T, while "Simple T" represents the result
obtained after removing the requirement for the agent
to perform proactive action planning.

6.4 RQ4: To what extent does task description
T influence the performance of the model?

In the task setting of this study, text T is only used
to define the role of the model, specifying the role
that the model undertakes in the corresponding sce-
nario, that is, to provide proactive assistance to
users according to the actual situation of the sce-
nario. It essentially defines the role attribute of the
model rather than giving explicit instructions on
the model’s specific behaviors. This experiment
aims to explore the degree of influence of such tex-
tual descriptions on model performance. To this
end, we remove the content in the original textual
description that requires the embodied agent to
make autonomous decisions based on scenario in-
formation, and observe the changes in the model’s
performance metrics after removing this part of the
description.

The experimental results are shown in Table 8.
Most models show a slight performance decline
after using Simple T. This indicates that providing
a more accurate description of the tasks to be per-
formed to embodied agents in the task description
can better assist models in executing the Proactive
Embodied Action Sequence Planning task, even
without direct scenario-specific prompts for the
models.

7 Human Evaluation

In this section, we present our human evaluation
experiment. We uniformly select 150 data entries
from the original test set, ensuring that each sce-

Model SR SER AP Overall
Llama3-8B 77.3 56.7 42.0 40.7

Qwen3-0.6B 30.0 12.0 8.7 7.3
Qwen3-8B 82.0 77.3 76.7 63.3
Qwen3-32B 84.7 80.0 77.3 71.3
Mini-omni 13.3 10.7 12.7 10.0
MiniCPM 96.7 55.3 61.3 54.7

Stream-omni 54.7 39.3 36.7 34.7
Qwen3-omni 94.0 89.3 79.3 75.3

VITA 86.0 38.0 36.7 36.7
GPT-4o 82.0 77.3 72.0 63.3
o4-mini 91.3 88.0 78.7 73.3

Gemini-3 Pro 90.0 88.7 83.3 82.0

Table 9: Human Evaluation on the performance of Cas-
cade and End2End Models on PEAP Task.

nario is covered, and then conduct a human evalua-
tion of the models’ output results on this batch of
data.

In Table 9, we conduct manual scoring on the
models’ action planning performance across four
metrics, namely Scene Recognition (SR), Sound
Events Recognition (SER), Assistance Provision
(AP), and Overall, following the same scoring rules
specified earlier. The results show high consistency
with those in Table 5. Qwen3-omni, o4-mini, and
Gemini-3 Pro remain the three best-performing
models, while Qwen3-0.6B and Mini-omni still
rank the lowest in terms of scores. This finding
confirms the consistency of the two methods.

8 Conclusion

To address the limitations of existing embodied
action planning research, namely the lack of proac-
tivity and neglect of vision and audio joint under-
standing, we propose the PEAP task. This task
constructs the environment by fusing visual and
audio information, evaluating embodied agents’ ca-
pability to provide proactive assistance based on
vision and audio joint understanding. In-depth anal-
ysis of model-generated action sequences further
verifies the models’ ability to accurately identify
human needs in scenarios without redundant ac-
tions. Modality ablation and replacement experi-
ments confirm that multimodal joint understanding
is crucial for models to provide assistance by action
sequence planning.
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Limitations

A consideration for future extension of this study
relates to computational efficiency. In the current
work, our focus has been on ensuring the quality
of fine-grained joint understanding of multimodal
information and the reliability of action planning
reasoning. As such, targeted optimization for com-
putational complexity and inference speed was not
prioritized in the experimental setup. Specifically,
when processing high-resolution visual inputs and
long-duration audio sequences, the model may ex-
hibit relatively higher inference latency, which sug-
gests potential room for improvement in adapting
to real-time deployment scenarios on edge devices
with limited computing power. Moving forward,
we plan to explore lightweight model architecture
designs and efficient inference strategies, aiming to
reduce computational overhead while preserving
task performance, thereby further enhancing the
practical deployment feasibility of the system.

Ethic Statement

Data Privacy Throughout the entire research pro-
cess, we have strictly adhered to rigorous ethi-
cal standards, upholding the principles of trans-
parency, fairness, and user privacy protection. The
data utilized in the PEAP dataset is derived from
publicly available datasets (including SUN397,
MIT67, Place365, UrbanSound8K, FSD50K, ESC-
50, Ego4D, and VGGSound) and has undergone
meticulous processing to ensure the anonymization
of any potential personal information. No identifi-
able private data of individuals is included in the
dataset. All data collection, pairing, filtering, and
annotation procedures are conducted in full com-
pliance with relevant data protection and privacy
regulations, minimizing any potential risks to user
privacy.

Professional Annotation To guarantee the qual-
ity and accuracy of data annotation, we adopted a
dual approach combining AI-assisted processing
and manual validation. Initially, we leveraged ma-
ture models (JoyCaption, AudioFlamingo3, and
DeepSeek-V3.2) for preliminary textual descrip-
tion generation, data filtering, and initial annotation.
Subsequently, we engaged professional annotators
with expertise in multimodal scene understanding
to conduct manual review and refinement of the
filtered data. These annotators received clear guide-
lines and fair compensation for their work, ensuring
that the annotation process adheres to high stan-

dards of professionalism, objectivity, and respon-
sibility while acknowledging their contributions
appropriately.

Proactive Assistance Ethics In the design of
the proactive embodied action planning task, we
have fully considered the ethical implications of
proactive assistance. The dataset scenarios and
annotated target responses are constructed to pri-
oritize user autonomy and safety, ensuring that the
proactive actions suggested by the model do not
violate user intentions, infringe on personal space,
or pose safety risks. All assistance-oriented actions
in the dataset are contextually appropriate, non-
intrusive, and aligned with general social norms,
promoting responsible and ethical application of
proactive embodied AI technology.
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A Prompts Format

A.1 Prompt used for DeepSeek-V3.2 to
annotate the outline of the required
assistance

The Prompt used for DeepSeek-V3.2 to annotate
the outline of the required assistance is shown in
Figure 2.

A.2 Test Prompt for Cascade Models

The Test Prompt for the Cascade Models is shown
in Figure 3
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Figure 2: Prompt used for DeepSeek-V3.2 to annotate the outline of the required assistance. The highlighted parts
represent, in each piece of data, the textual descriptions of pictures, the textual descriptions of audio, and the logical
relationships between pictures and audio.

A.3 Test Prompt for End-to-End Models

The Test Prompt for End-to-End Models is shown
in Figure 4.

B Details of the PEAP dataset

B.1 Scenes included in the PEAP dataset

In the PEAP task, we collect a total of 122 scene
data samples and divide these scenes into 10 cate-
gories. Table 10 details the specific names of these
10 scene categories, the number of scenes included
in each category, as well as the distribution of cor-
responding data volumes.

Below, we list in detail the specific scenes in-
cluded in each category in Figure 5.

B.2 Display of data sample

To facilitate readers’ understanding of the data for-
mat used in this study, a complete data sample is
presented below. Each data entry includes the vi-
sual scene, the corresponding audio in that scene,
a description of the relationship between the vi-

sual scene and the audio, as well as the manually
annotated target response that the model should
generate.

The data example is shown in Figure 6.
In the above data sample, the models are required

to generate a response based on the input visual
scene and audio information. We score the model
according to the matching degree between the gen-
erated response and the annotated target response.

B.3 Case Study

This section is our Case Study on specific data. The
Figure 7 shows the model’s response to the data
presented in B.2.

In the data sample presented, the sound of a siren
emanates from the fire station. A qualified model
should actively recognize this auditory cue, infer
the occurrence of a potential emergency, and then
initiate preparatory actions to facilitate the dispatch
of fire trucks. In this case study, the text highlighted
in green indicates correct responses generated by
the model. For instance, the outputs of Llama3-
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Category Number of Scenes Data Quantity Test Set
Commercial & Shopping 24 5497 550

Education & Culture 15 1839 181
Entertainment & Leisure 9 1051 105

Medical & Healthcare 8 727 73
Office & Industrial 14 2263 229

Outdoor & Semi-open Spaces 7 829 85
Public Safety & Services 6 481 47

Residential & Private Spaces 14 3723 375
Specialized Functional Spaces 4 738 73

Transportation & Public Infrastructure 21 2815 280
Total 122 19963 1998

Table 10: Scenes included in the PEAP dataset. This table introduces data on the 10 main categories of scenes
included in PEAP, including the number of sub-scenes in each category, the total data volume, and the data volume
in the test set.

8B and Qwen3-32B are deemed accurate, as they
demonstrate precise event recognition and appro-
priate assistance provision. By contrast, the text
highlighted in grey denotes erroneous responses,
such as those from MiniCPM, Qwen3-Omni and
VITA. These flawed outputs either fail to recognize
the emergency implied by the siren or propose ir-
relevant actions, such as offering to introduce the
fire station.

A deeper analysis reveals that the performance
discrepancy across models stems from the gap in
their capabilities to model semantic correlations
between audio-visual modalities and their level of
prior knowledge about scenario-specific contexts.
Llama3-8B and Qwen3-32B can accurately corre-
late siren sounds with the semantics of emergency
dispatch scenarios, and derive reasonable actions
by integrating the contextual attributes of fire sta-
tions. In contrast, MiniCPM, Qwen3-Omni and
VITA fail to establish such cross-modal correla-
tions, or lack sufficient prior knowledge of emer-
gency scenarios. This limits them to capturing only
the surface-level information of individual modali-
ties, preventing them from performing deep reason-
ing from "audio signals" to "scenario requirements"
and ultimately leading to irrelevant or erroneous
responses.

B.4 Redandant Output Example
We choose precision and recall as our evaluation
metrics because precision reflects the proportion
of model-predicted actions that match the ground
truth. Low precision indicates that the model
outputs a large number of task-irrelevant actions,
meaning significant action redundancy exists. Re-

call reflects the proportion of ground-truth actions
that are successfully predicted by the model. When
the model’s recall rate is significantly higher than
its precision, it indicates that the model tends to
boost recall by guessing numerous irrelevant ac-
tions, which in turn lowers precision.

We analyze this in combination with concrete
examples. For instance, in the scenario where an
alarm is triggered at a fire station, the model gener-
ates the output shown in Figure 8. The highlighted
action is meaningless in an emergency context. Al-
though the embodied agent responded to the emer-
gency situation, this action is redundant because it
does not directly target solving the problems aris-
ing in the scene.

B.5 Different Action Sequences For One
Scene

The answers annotated by large language models
represent the general content of the appropriate as-
sistance directions corresponding to each scenario
combined with audio. They are descriptions of
assistance directions rather than concrete action
sequences. Therefore, multiple action sequences
generated by different models can both meet the
requirements and be accepted after being judged
by the decision model. This ensures that our task
can, to a certain extent, adapt to situations where
different responses occur in the same real-world
scenario, as long as they remain consistent with the
direction of the annotated answers. An example is
provided below in Figure 9.
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Figure 3: Test Prompt for the Cascade Models. The highlighted parts represent the textual descriptions of pictures
and audio, as well as the introduction to the three types of actions.
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Figure 4: Test Prompt for End-to-End Models. The highlighted parts represent the introduction to the three types of
actions.
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Figure 5: The specific scenes included in 10 categories. This figure introduces the specific scenes included in each
of the 10 categories.
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Figure 6: Data Example. Each piece of data includes the visual scene, the audio in the scene, the logical relationship
between the visual and audio, the annotated standard response, and an example of the model response.
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Figure 7: The case study of the data example, the yellow parts are the model names, the green-highlighted parts
indicate that the model made correct responses, and the gray-highlighted parts are the incorrect responses.
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Figure 8: A redundant output example. The highlighted action in red represents a redundant action in the model’s
output.

Figure 9: Different action sequences for one scene, both are acceptable.
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