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Abstract

Multimodal Large Language Models (MLLMs) have shown
promise in single-agent vision tasks, yet benchmarks for eval-
uating multi-agent collaborative perception remain scarce.
This gap is critical, as multi-drone systems provide enhanced
coverage, robustness, and collaboration compared to single-
sensor setups. Existing multi-image benchmarks mainly tar-
get basic perception tasks using high-quality single-agent im-
ages, thus failing to evaluate MLLMs in more complex, ego-
centric collaborative scenarios, especially under real-world
degraded perception conditions.To address these challenges,
we introduce AirCopBench, the first comprehensive bench-
mark designed to evaluate MLLMs in embodied aerial collab-
orative perception under challenging perceptual conditions.
AirCopBench includes 14.6k+ questions derived from both
simulator and real-world data, spanning four key task dimen-
sions: Scene Understanding, Object Understanding, Percep-
tion Assessment, and Collaborative Decision, across 14 task
types. We construct the benchmark using data from challeng-
ing degraded-perception scenarios with annotated collabora-
tive events, generating large-scale questions through model-,
rule-, and human-based methods under rigorous quality con-
trol. Evaluations on 40 MLLMs show significant performance
gaps in collaborative perception tasks, with the best model
trailing humans by 24.38% on average and exhibiting incon-
sistent results across tasks. Fine-tuning experiments further
confirm the feasibility of sim-to-real transfer in aerial collab-
orative perception and reasoning.

Project — https://embodiedcity.github.io/AirCopBench/

1 Introduction
Multimodal Large Language Models (MLLMs) have trans-
formed artificial intelligence (AI) by enabling powerful pro-
cessing of diverse inputs, such as text and images (Zhang
et al. 2025b). While MLLMs have excelled in single-agent
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vision tasks like object detection and semantic segmenta-
tion (Saini et al. 2025), as well as general multi-image un-
derstanding tasks (Cheng et al. 2025; Bai et al. 2025b),
their performance in collaborative perception with mul-
tiple unmanned aerial vehicles (UAVs) remains underex-
plored (Wang et al. 2025d). In multi-UAV systems, drones
work together to tackle complex, dynamic visual tasks
through information exchange, offering enhanced coverage,
robustness, and flexibility compared to single-agent config-
urations (Wang et al. 2022; Zha et al. 2024).

Despite the potential of multi-UAV systems, benchmarks
evaluating MLLMs in collaborative perception are scarce.
Current evaluations focus primarily on single-agent vision
tasks, failing to address the unique challenges of multi-UAV
collaborative perception, such as obstacle occlusion (Kil
et al. 2024; Xiao et al. 2025). Furthermore, existing bench-
marks on collaborative perception (Wang et al. 2024c; Tian
et al. 2024) in Tab. 1 face two major limitations that hinder
their applicability in adaptive real-world scenarios:

• Oversimplified Perception Setups: Despite occlusion, nu-
merous factors such as sensor noise, poor visibility, data
loss, and environmental interference can degrade the qual-
ity of UAVs’ observation data, thus reducing overall per-
ception accuracy (Wang et al. 2025b). Current bench-
marks consider only a limited set of degradation types,
restricting their adaptability to real-world conditions.

• Lack of Embodied Reasoning: Aerial collaborative per-
ception demands rich semantic information process-
ing and highly adaptive cooperation in complex en-
vironments. Traditional non-egocentric, programmatic
decision-making schemes, based on global data fu-
sion, hinder UAVs from making context-aware, human-
like, first-view decisions, limiting their ability to under-
stand their state, adapt to changes, and collaborate effi-
ciently (Zhao et al. 2025b).

Therefore, it is essential to assess MLLMs’ cognitive abil-
ities in embodied perception and collaborative decision-
making under challenging perceptual conditions, as illus-
trated in Fig. 1. More related work can be found in Appendix.
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Is my perception quality poor? How to 
improve perception by collaboration?
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Figure 1: a) Illustration of multi-drone collaborative perception with various perception degradation. b) The performance of 6
popular MLLMs, along with human and random guess baselines, on AirCopBench.

Benchmark Modality Object Category Perception Degradation VQA VQA Num. Embodied
Coperception-UAV (Hu et al. 2022) RGB Vehicles / ✗ / ✓
MDMT (Liu et al. 2023) RGB Vehicles, bicycles, pedestrians Occlusion, lighting, blur ✗ / ✓
UAV3D (Sunderraman, Ji et al. 2024) RGB Vehicles / ✗ / ✓
AeroCollab3D (Tian et al. 2024) RGB Vehicles, pedestrians / ✗ / ✓
Air-Co-Pred (Wang et al. 2024c) RGB Vehicles, bicycles, pedestrians Occlusion, long distance ✗ / ✓
MUIRBENCH (Wang et al. 2024a) RGB, text Vehicles, buildings Occlusion ✓ 2.6k ✗
All-Angles Bench (Yeh et al. 2025) RGB, text Pedestrians Occlusion ✓ 2.1k ✗
UrBench (Zhou et al. 2025) RGB, text Vehicles, buildings / ✓ 11.6k ✗

Our AirCopBench RGB, text, Drones, vehicles, bicycles, Occlusion, shadow, noise, lighting, out of FoV,
✓ 14.6k ✓point cloud pedestrians data loss, long distance/small target, blur

Table 1: Comparison of the proposed and popular benchmarks for collaborative perception.

Accordingly, we propose AirCopBench, a novel bench-
mark designed to evaluate MLLMs in multi-UAV collabo-
rative perception under various challenging perception con-
ditions. Specifically, we introduce an innovative task set
comprising 14 tasks across 4 dimensions from simultaneous
multi-view images. Our dataset includes challenging data
from both simulators (Gao et al. 2024) and real world (Liu
et al. 2023), collected from diverse UAV groups in represen-
tative degraded scenarios. Besides traditional object-level la-
beling for perception tasks, we incorporate event-level la-
beling by human annotators for specific cooperation events.
Then, we develop a general pipeline to generate high-quality
visual question answering (VQA) pairs using model-based,
rule-based, and human-based approaches, followed by strin-
gent quality control measures, including standard review,
blind filtering, and human refinement. Finally, we evaluate
our dataset on popular MLLMs in zero-shot settings, in-
cluding both proprietary and open-source models, and con-
duct supervised fine-tuning (SFT) on Qwen2.5-series (Bai
et al. 2025a) and LLaVA-NeXT series (Liu et al. 2024) to
validate the dataset’s effectiveness. The results show that
current MLLMs struggle with multi-view collaborative per-
ception, exhibiting inconsistent performance across different
task types.

Compared to existing aerial collaborative perception

benchmarks, key features of AirCopBench include: 1) Se-
mantic VQA pairs to evaluate MLLMs’ ability in percep-
tion assessment and collaborative reasoning; 2) Various
challenging perception degradation in real-world scenarios,
such as occlusion, shadows, motion blur, noise, data loss,
long-range detection, complex background, etc; 3) Multiple
modalities, including RGB images, text, and point clouds, to
support perception across diverse data types; 4) Diverse tar-
get categories, covering drones, pedestrians, vehicles, and
bicycles; 5) Embodied multi-UAV collaboration from first-
view, role-based reasoning for human-like decision-making.

Overall, the novelty of this research lies in creating the
first benchmark for semantic embodied aerial collabora-
tive perception considering various challenging percep-
tion degradation. Our contributions are fourfold:

• We introduce a novel task set with 4 categories and 14
tasks to evaluate MLLMs’ abilities in scene and object
understanding, perception assessment, and collaborative
decision-making using multi-view images.

• We create an aerial collaborative perception dataset with
over 2.9k+ multi-view images from UAV groups of vary-
ing sizes, annotated for collaborative events, and focused
on diverse perception degradations.

• We construct 14.6k+ VQA pairs from collaborative UAV
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Scene Understanding Object Understanding

Perception Assessment Collaborative Decision
How to enhance 
my perception?

data link
perception area

9. Usability Assessment
Q: Is this image usable for 
object detection tasks?
A: Moderately usable with 
some occlusions.

1. Scene Description
Q: What is the dominant 
environmental feature in 
UAV1’s view?
A: A urban road with a green 
grassy area.

10. Causal Assessment
Q: What is the main factor that 
affects the object detection 
performance of this image?
A: Partial occlusion by trees.

8. Quality Assessment
Q: How would you rate the 
overall image quality?
A: Good with minor blur.

occluded red car

5. Object Counting
Q: How many vehicles are 
visible on the road? A: 5 cars.

6. Object Grounding
Q: Where is the white van? 
A: The white van is in a different 
lane behind the red car.

4. Object Recognition
Q: How many types of 
objects are there? A: 2 types.

UAV1 UAV2

matched 
pedestrian

7. Object Matching
Q: Which object in UAV1 is the 
person standing near the traffic 
light in UAV2?  A: The person 
now sitting on the bench near 
the traffic light in UAV1.

11. When to Collaborate
Q: Should UAV2 communicate 
with others for more info now? 
A: Yes.
12. What to Collaborate
Q: What info should UAV1 
share with UAV2? 
A: Details of the red car's 
position and movement.

13. Who to Collaborate
Q: Which UAV should 
UAV2 collaborate with? 
A: UAV1.
14. Why to Collaborate

Q: Why should UAV2 
collaborate with UAV1?
A: To overcome partial 
occlusion of the red car.

UAV2
UAV1

complete red car

2. Scene Comparison
Q: Which UAV perspective 
has more vehicles? A: UAV2.

3. Observing Posture
Q: Which perspective is closer to the ground? 
A: UAV1 is closer with a clearer view.

UAV2UAV1

5 cars 13 cars

Figure 2: AirCopBench includes 14 task types across 4 evaluation dimensions: Scene Understanding, Object Understanding,
Perception Assessment, and Collaborative Decision. This categorization facilitates a systematic evaluation of MLLMs, from
image understanding and quality analysis to multi-UAV information exchange for improved collaborative embodied perception.

observations using both real and simulated data, and de-
sign an extensible benchmark pipeline applicable to other
multi-view embodied settings.

• We evaluate 40 MLLMs and investigate the relation-
ship between embodied collaborative perception tasks and
Sim-to-Real potential. We also fine-tune 4 models to
demonstrate the effectiveness of our dataset.

2 AirCopBench
AirCopBench is a high-quality aerial perception bench-
mark with 14 tasks across 4 dimensions, including chal-
lenging perception degradation scenarios. Based on quanti-
tative multi-view images from various drone groups, it eval-
uates MLLMs’ embodied collaborative perception capabil-
ities. This section outlines the task definitions, generation
pipeline, and statistical properties of the benchmark.

2.1 Benchmark Tasks
AirCopBench includes four key task dimensions: Scene Un-
derstanding, Object Understanding, Perception Assessment,
and Collaborative Decision. Each category is further di-
vided into sub-tasks to enable a more detailed evaluation of
MLLMs’ capabilities, as shown in Fig. 2.

Scene Understanding refers to interpreting and under-
standing scenes from multi-view images (Task 1-3 in Fig. 2).
Specifically, Scene Description identifies objects, relation-
ships, and context in one scene, while Scene Comparison re-
veals similarities and differences between images from dif-
ferent views (Zhou et al. 2025). Observing Posture analyzes
the relative distances and directions between observers and
the scene, crucial for simulating human-like observations in
embodied aerial perception tasks.

Object Understanding focuses on analyzing objects in
terms of identity, quantity, and spatial relationships (Tasks
4-7 in Fig. 2). Particularly, Object Recognition identifies ob-
ject types, Object Counting determines object quantity for
specific types, Object Grounding assesses the spatial posi-
tioning between objects, and Object Matching finds corre-
sponding objects across different views (Zhou et al. 2025).

Perception Assessment evaluates image quality and us-
ability for specific perception tasks (Task 8-10 in Fig. 2).
In detail, Quality Assessment rates image by objectively
checking its clarity and resolution, while Usability Assess-
ment subjectively determines its effectiveness for object de-
tection (Wang et al. 2025c). Causal Assessment traces the
reasons for poor-quality or unsuitable images, analyzing
whether degradation is due to sensor issues, moving tar-
gets, or environmental factors. This helps UAVs better un-
derstand their perception state and supports information ex-
change with other observing UAVs.

Collaborative Decision determines the need for informa-
tion exchange among UAVs (Task 11-14 in Fig. 2). This task
design aims to enhance collaboration efficiency between
UAVs by reducing communication and computational costs
of the multi-UAV system. Specifically, When to Collaborate
identifies scenarios where collaboration is essential for cur-
rent UAV, while What to Collaborate determines the infor-
mation that should be shared between UAVs. Who to Collab-
orate assesses which UAVs are best suited for collaboration,
and Why to Collaborate explores the motivations behind in-
formation exchange between UAVs (Chen et al. 2024).
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Data Collection Data Annotation Question Generation Quality Control

Model-based generation

Rule-based generation

Human-based generation

Standard examinationSimulator data

Real-world data

Derived data

Event-level labeling

Object-level labeling

3- / 5- / 6-UAV group • Image quality

 

• Perception usability

• Perception degradation

• Collaborative analysis

• Object list <       ,      ,    ,...>

• Bounding box 

• Target attribute

Q: Why should UAV4  
collaborate with another UAV?
A: To overcome building 
occlusion and gain a more 
complete view of the scene.

Human refinement

Blind filtering

challenging degradations 

Scoring criteria:
• Required content
• Format consistency
• Answer validity
• Question length 

Yes No

different brightness

long distance

Very 
poor Poor Fair Good Excellent

<x1,y1,w1,h1,...>

multi-view collaboration

Models VQAs
Save 

Delete 

no 
yes 

Ambiguous questions
Invalid options
Incorrect answers

whowhatwhen why

shadowocclusion

• Divided task
• Role-playing
• CoT prompt
• Few-shot

Q: Which UAV perspective 
shows more vehicles? 
A: UAV2.

UAV1

UAV2

{"anno1": "8 objects (car: 5, bicycle: 1, person: 2)", 
"anno2": "19 objects (car: 13, person: 4, bicycle: 2)"}

Q: Which UAV perspective is closest 
to the drone target?
A. B. C.

D.Equally close. 

<       ,     ,...>

UAV1 UAV2

UAV3 UAV4

• Noise injection
• sensor failure
• Partial masking
• data loss 

occlusion

shadow 

Figure 3: AirCopBench generation pipeline includes 4 main steps: Data Collection, Data Annotation, Question Generation, and
Quality Control. This systematic approach ensures the validity and high quality of the generated dataset.

2.2 Benchmark Generation
The benchmark generation pipeline consists of four main
steps: Data Collection, Data Annotation, Question Gener-
ation, and Quality Control, as illustrated in Fig. 3.

Data Collection. To effectively evaluate MLLMs in chal-
lenging scenarios, high-quality data with realistic perception
degradations, such as occlusion, shadow, noise, lighting im-
balance, data loss, motion blur, long distance, and out-of-
field of view (FoV), is essential. Our data consists of:

Simulator Data. Multimodal collaborative perception
data, including RGB images and point clouds, is collected
from co-simulated Carla (Dosovitskiy et al. 2017) and Air-
Sim (Shah et al. 2017). This includes challenging ground ve-
hicle target perception from 5-6 UAVs in existing datasets,
Coperception-UAV (Hu et al. 2022) and AeroCollab3D
(Tian et al. 2024), and drone target observation from 3 UAVs
collected from EmbodiedCity (Gao et al. 2024). The data
spans 20 different map scenarios, focusing on those inducing
key perceptual degradation issues, as detailed in Appendix.

Real-world Data. To enhance data credibility, we se-
lect representative images from existing real-world dataset
MDMT (Liu et al. 2023), where 2 UAVs cooperatively per-
ceive ground targets like vehicles, pedestrians, and bicycles.
These scenarios include various perception challenges such
as motion blur, varying lighting (day/night), distant small
targets, and obstacle occlusions.

Derived Data. To expand the dataset and introduce more
perceptual degradation, we apply two image post-processing
techniques: a) Noise Injection adds random noises (Gaus-
sian, salt-and-pepper, impulse, Poisson) to simulate sensor
failures; b) Partial Masking blocks part of the image to sim-
ulate visual information loss. These techniques simulate per-
ception degradation scenarios, such as low signal-to-noise

ratio (SNR) and data loss due to sensor damage or failures,
that are hard to capture in simulators or real environments.

Data Annotation. Rich, rational annotations tailored for
aerial collaborative perception improve dataset accuracy and
realism. In this work, we focus on both event-level labels,
capturing inter-UAV collaboration, and object-level labels,
ensuring precise identification in complex scenes.

Event-level Labeling. To emphasize the role of collabo-
ration in perception, we introduce novel “event” annotations
to assist in generating multi-UAV interaction strategies, such
as when and why inter-UAV communication is needed, who
is suitable for information retrieval, and what observation
information should be shared. Despite labeling for collab-
orative decision analysis, the annotations in this part also
include image quality scoring, perception usability assess-
ment, and perception degradation reasoning for better event
understanding. The whole manual annotation process costs
over 200 hours. More details are in Appendix.

Object-level Labeling. Traditional annotations for object
labeling involve the list of specified objects in the scene, the
2D/3D bounding box of each object, and the corresponding
attributes of objects like motion state (Hu et al. 2022). This
enables accurate collaborative perception for targets, includ-
ing target detection, classification, and tracking.

Question Generation. Given diverse complexity and re-
quirements for different collaborative perception tasks, we
design three approaches for question generation:

Model-based Generation. This method uses powerful
MLLMs, including GPT-4o (Hurst et al. 2024) and Qwen-
VL-Max-latest (Bai et al. 2023), to efficiently generate high-
quality VQA pairs for each task. We employ four prompting
techniques: a) Task Decomposition breaks large tasks into
smaller, focused tasks for better model understanding and
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a) b) c)

Figure 4: Statistical Overview of AirCopBench. a) Distribution of VQA pairs across 14 task types. b) Distribution of VQA
pairs from various data sources with different numbers of observing UAV groups. c) Distribution of images featuring diverse
perception degradation types.

easier debugging; b) Role-playing Settings prompts models
to generate questions from the perspective of different UAV
agents in embodied perception tasks; c) Chain-of-Thought
(CoT) Prompting uses multi-step reasoning to generate com-
plex questions requiring deep visual understanding; d) Few-
shot Learning leverages templates and examples for im-
proved task understanding and generalization.

Rule-based Generation. This approach uses predefined
rules and logic to generate structured questions. Tasks
like Object Counting and Usability Assessment rely on
rule-based methods, where questions are directly based on
dataset annotations. These simple, deterministic rules make
rule-based generation ideal for tasks requiring consistent,
structured questions without complex reasoning or context.

Human-based Generation. This method supports tasks
like Observing Posture and Object Matching, which require
complex multi-image reasoning and spatial understanding.
Expert annotations ensure subtle visual cues, realistic dy-
namics, and logical nuances are well captured, yielding
high-quality, context-rich questions.

Quality Control. To ensure the reliability and effective-
ness of our dataset for training and evaluating models on col-
laborative perception, we implement three key quality con-
trol measures: Standard Examination, Blind Filtering, and
Human Refinement.

Standard Examination. This measure evaluates the
quality of generated VQA pairs based on four criteria: a)
Required Content ensures all necessary information is in-
cluded, flagging incomplete pairs for revision; b) Format
Consistency maintains uniform structure, wording, and pre-
sentation; c) Answer Validity checks the correctness and rel-
evance of options, filtering out incorrect ones and ensuring
the correct option is present; d) Question Length ensures
questions are sufficiently detailed to avoid ambiguity.

Blind Filtering. This measure aims to remove questions
answerable through common sense by using n MLLMs to
predict answers without the multi-view image input. If all
MLLMs answer correctly, the question is removed, filtering
out invalid questions that can be answered solely through
general perception knowledge (Zhao et al. 2025a).

Human Refinement. This step further ensures human

modification of generated questions with issues such as: a)
Ambiguous Questions that are unclear, poorly framed, or ir-
relevant to the perception task; b) Invalid Options that are
missing correct answers, contain duplicates or mismatched
content; c) Incorrect Answers that are missing, contain mul-
tiple selections when only one is required, or are incorrectly
chosen. The entire human refinement process takes over 800
hours. Specific modified examples are provided in Appendix.

2.3 Benchmark Statistics
AirCopBench comprises 2,920 simultaneous multi-view
images with various challenging perception degradation
collected from real world and simulators, as shown in
Fig. 4b&c. The dataset includes 14,610 questions, includ-
ing both basic tasks like scene and object understanding, as
well as advanced tasks like perception assessment and col-
laborative decision, as detailed in Fig. 4a.

3 Experiments
This section introduces the evaluated models and proto-
cols, evaluates 40 mainstream MLLMs on AirCopBench,
and summarizes results across model types. It also analyzes
task correlations, sim-to-real potential, and error cases.

3.1 Experimental Setup
Evaluation Metric. We integrate AirCopBench evalua-
tion into the VLMEvalKit (Duan et al. 2024) framework,
enabling capability assessments of new MLLMs. Specifi-
cally, we measure MLLM accuracy for each task type using
question-answering accuracy.

Baselines. We conduct zero-shot evaluations of 40
MLLMs on AirCopBench in Tab. 2. The baselines include
both proprietary models, such as GPT-4o (Hurst et al. 2024),
Gemini-2.5-Pro (Comanici et al. 2025), Claude-Sonnet-
4 (Anthropic 2025), and Qwen-Max-VL (Bai et al. 2023),
as well as open-source models capable of multi-image input,
including LLaVA series (Liu et al. 2024), Qwen-VL series
(Bai et al. 2025a; Wang et al. 2024b) and Phi series (Abdin
et al. 2024a,b), among others. Additional evaluated models
include (Chen et al. 2025; Lu et al. 2023; Yao et al. 2024;
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Baseline
Random - 23.47 19.30 44.19 18.52 16.67 23.46 27.68 17.14 19.51 19.51 28.57 41.38 18.52 24.69 24.69
Human - 78.25 71.43 75.86 42.86 85.71 88.89 83.04 87.62 90.48 91.46 85.71 51.72 82.72 82.72 75.31

Proprietary Models (API)
GPT-4o-2024-11-20 2 51.79 64.91 55.81 44.44 65.48 44.44 50.89 67.62 29.76 48.78 70.24 34.48 58.02 14.81 60.49

Gemini-2.5-Pro 5 49.08 70.18 62.79 37.04 67.86 27.16 47.32 47.62 15.48 36.59 72.62 41.38 61.73 34.57 65.43
Claude-Sonnet-4-20250514 3 50.73 59.65 55.81 33.33 61.90 33.33 52.68 56.19 35.71 57.32 71.43 20.69 60.49 30.86 51.85

Qwen-Max-VL-latest 4 50.53 52.63 65.12 29.63 61.90 41.98 54.46 61.90 44.05 46.34 66.67 17.24 53.09 39.51 39.51
Step-1o-turbo 1 52.87 75.00 70.83 21.05 66.10 33.33 61.54 59.26 27.42 55.93 71.67 41.38 67.27 18.52 56.60

Doubao-seed-1-6-flash-250615 2 51.79 59.65 48.84 37.04 54.76 44.44 53.57 63.81 41.67 52.44 67.86 48.28 54.32 34.57 48.10
Open-source Models

Phi-4-multimodal-instruct 5 52.76 63.16 60.47 33.33 51.19 25.93 52.68 65.71 26.19 40.24 70.24 24.14 66.67 70.37 60.40
Qwen2.5-VL-7B-Instruct 10 47.33 66.67 60.47 25.93 63.10 25.93 50.89 51.43 47.56 47.56 66.67 13.79 34.57 25.93 43.21

Qwen2.5-VL-72B-Instruct 4 54.90 59.65 65.12 33.33 58.33 41.98 63.39 67.62 48.78 48.78 73.81 17.24 59.26 37.04 48.15
InternVL3-8B 6 52.18 56.14 60.47 25.93 59.52 30.86 58.04 56.19 56.10 51.22 71.43 20.69 54.32 53.09 50.62

InternVL3-78B 3 55.38 66.67 67.44 44.44 64.29 24.69 67.86 62.86 58.54 58.37 76.19 13.79 55.56 50.62 41.98
Janus-Pro-7B 12 44.91 52.63 48.84 22.22 51.19 18.52 58.04 51.43 28.57 46.34 61.90 31.03 60.49 33.33 37.00

Chameleon-7B 15 38.22 36.84 37.21 44.44 25.00 24.69 29.46 46.67 16.67 20.73 53.57 27.59 45.68 75.31 49.30
PaliGemma-3B 17 24.25 19.30 37.21 22.22 30.95 35.80 18.75 13.33 11.90 21.95 47.62 65.52 17.28 16.05 16.05
MiniCPM-V2.6 7 51.99 63.16 62.79 33.33 65.48 40.74 49.11 49.52 46.43 48.78 66.67 41.38 58.02 46.91 45.68

Ovis2-16B 1 59.17 68.42 67.44 29.63 64.29 28.40 56.25 67.62 58.33 57.32 66.67 51.72 60.49 60.49 71.60
Ovis-U1-3B 16 37.34 57.89 46.51 22.22 41.67 29.63 36.61 39.05 27.38 45.12 63.10 24.14 24.69 29.63 25.93

Kimi-VL-A3B-Thinking 2 56.84 59.65 60.47 25.93 61.90 38.27 58.04 63.81 45.24 50.00 76.19 48.28 66.67 51.85 62.96
Mimo-VL-7B-RL 9 48.59 61.40 58.14 29.63 64.29 34.57 53.57 57.14 46.43 53.66 75.00 10.34 50.62 17.28 33.33

LLaVA-NeXT-7B-hf 14 38.31 28.07 46.51 18.52 35.71 25.93 39.29 52.38 29.76 37.80 59.52 27.59 55.56 25.93 29.63
LLaVA-NeXT-13B-hf 13 39.28 31.58 44.19 33.33 42.86 30.86 40.18 46.67 40.48 41.46 50.00 34.48 44.44 34.57 24.69

Skywork-R1V3 8 48.94 46.15 43.33 46.67 41.51 40.00 50.00 46.99 40.74 56.60 67.27 33.33 52.94 48.08 51.92
mPLUG-OWL3 11 47.14 57.89 60.47 22.22 50.00 25.93 56.25 41.90 27.38 47.56 55.95 44.83 54.32 50.62 54.32

XComposer-VL-7B 18 23.26 14.81 20.00 18.75 25.45 26.42 18.82 22.62 27.78 13.79 13.79 12.50 24.07 39.62 33.96
Fine-tuned Models

LLaVA-NeXT-13B 3 57.61 40.35 60.47 25.93 52.38 45.68 59.82 60.95 57.14 62.20 69.05 37.93 58.02 70.37 66.67
Qwen-2.5-VL-7B 1 74.30 63.16 65.12 33.33 69.05 75.31 66.07 72.38 76.19 82.93 83.33 55.17 77.78 91.36 85.10
Qwen-2.5-VL-3B 2 66.44 73.68 55.81 33.33 59.52 34.57 57.14 62.86 66.67 73.17 82.14 55.17 77.78 90.12 80.20

Sim-to-Real Experiments
Qwen2.5-VL-7B - 47.77 50.00 55.56 11.11 83.33 50.00 27.78 55.56 61.11 44.44 82.35 10.53 38.89 64.71 27.70

AirCop-7B - 67.41 50.00 77.78 11.11 83.33 88.89 77.78 77.78 77.78 94.44 82.35 31.58 50.00 76.47 50.00

Table 2: Results on AirCopBench for existing various MLLMs on 14 task types across 4 evaluation dimensions. The best-
performing model in each category is highlighted in-bold, while the second-best is underlined. 24 out of 40 models and 3 out
of 4 fine-tuned models for demonstration in the main text; additional results are provided in the Appendix.

Team et al. 2025; Yue et al. 2025; Ye et al. 2024; Shen et al.
2025; Lu et al. 2024; Wang et al. 2025a; Beyer et al. 2024;
Zhu et al. 2025).

3.2 Model Comparison
From the quantitative results shown in Tab. 2, we have the
following findings:

• AirCopBench poses significant challenges to all
MLLMs. Both proprietary and open-source models per-
form poorly on aerial collaborative perception tasks, with
the best model, Ovis-16B (Lu et al. 2024), achieving only
59.17% accuracy. This highlights the importance of Air-
CopBench in revealing the insufficient development of
embodied perception and collaborative decision-making
abilities in current MLLMs.

• Leading open-source MLLMs match or exceed the
best proprietary models on AirCopBench. Models
like Ovis2-16B (Lu et al. 2024) and Kimi-VL-A3B-

Thinking (Team et al. 2025) match or slightly surpass top
proprietary systems. However, the overall performance
gap remains modest, and both open-source and propri-
etary MLLMs still struggle with multi-image understand-
ing, underscoring the need for further progress in multi-
image reasoning.

• MLLMs demonstrate a clear bias across various ques-
tion categories. Current MLLMs perform well on tasks
like Scene Description and Scene Comparison, but strug-
gle with categories requiring domain knowledge and goal-
oriented reasoning, such as Usability Assessment and
When to Collaborate. This indicates a need for signif-
icant improvements in embodied perception assessment
and adaptive collaboration decision-making.

3.3 Correlation Analysis
To explore the relationships between tasks and their re-
quired cognitive abilities, we compute pairwise correlations
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Figure 5: Correlation coefficients of MLLMs’ performance
across all tasks, with higher values indicating greater simi-
larity in the cognitive abilities required by the two tasks.

of MLLMs’ accuracy (Tab. 1) on each task. Similar perfor-
mance across models on two tasks suggests shared cognitive
abilities. From Fig. 5, we draw the following conclusions:

• Causal Assessment exhibits a high correlation with al-
most all other tasks. It suggests that understanding and
inferring the causality of perception degradation is crucial
for various cognitive processes. This finding implies that
causal assessment could be a key factor in the develop-
ment of embodied cognition in collaborative perception.

• Object Matching has a high correlation with both Ob-
ject Recognition and Object Grounding tasks. This ob-
servation aligns with prior knowledge that effective multi-
view image understanding relies on strong single-image
perceptual capabilities.

• Quality Assessment exhibits moderate correlations
with multiple tasks. This suggests that quality evaluation
requires integrating Scene Understanding, Object Recog-
nition, and Object Matching abilities, making it a highly
composite decision-making task.

3.4 Supervised Fine-Tuning
We fine-tune two representative MLLMs, Qwen-2.5-VL
(7B and 3B) (Bai et al. 2025a) and LLaVA-NeXT-
13B (Liu et al. 2024), using our curated instruction dataset
within the LLaMA-Factory framework (Zheng et al. 2024),
with default hyperparameters for three epochs. As shown
in Tab. 2, Qwen-2.5-VL-7B achieves 74.30% accuracy
(+26.97), Qwen-2.5-VL-3B reaches 66.44% (+19.11), and
LLaVA-NeXT-13B improves to 57.61% (+19.30), demon-
strating that domain-specific SFT substantially enhances
MLLM performance in collaborative perception.

3.5 Sim-to-Real
We evaluate the generalization of models trained on simu-
lated data to real-world UAV imagery. As shown in Tab. 2,
we compare the open-source Qwen2.5-VL-7B (Bai et al.
2025a) and our AirCop-7B model fine-tuned on simulator
data. Qwen2.5-VL-7B achieves 47.77% overall accuracy,
performing well in Object Recognition (83.33%) but poorly
in Posture (11.11%) and Collaboration (40%). After fine-
tuning, AirCop-7B reaches 67.41% (+19.64), with notable

Question: What is the relative position of the white car compared to the bus?
A. The white car is driving in the adjacent lane directly opposite the bus. 
C. The white car is ahead of the bus in the adjacent lane. MLLM

GT

Spatial Reasoning Error

Question: Which type of vehicle is most frequently observed in the parking lot?
A. SUVs
B. Compact cars GT

MLLM

Perception Hallucination Error

Question: Which object in UAV2 corresponds to the dark gray car approaching 
the intersection from the left in UAV1?
A: The dark gray car now seen turning right at the intersection in UAV2.
C. The dark gray car now approaching the intersection from the top in UAV2.

MLLM
GT

Mismatching motion states.   Multi-image Understanding  Error

Confused "opposite" and "ahead". 

Misclassifying object due to perceptual bias 
in visual features.

Figure 6: Examples of three common errors in MLLM rea-
soning during aerial collaborative perception tasks.

gains in Object Grounding (77.78%, +50.00), Object Count-
ing (88.89%, +38.89), and Usability Assessment (94.44%,
+53.20). These results confirm that simulator-based fine-
tuning significantly enhances sim-to-real transfer, improv-
ing generalization to real UAV imagery and validating the
effectiveness of our simulated dataset.

3.6 Error Analysis
The errors in MLLM reasoning primarily stem from three
causes, as shown in Fig. 6:

• Perception hallucination errors. MLLMs misidentify or
fail to recognize objects due to perception hallucination,
where visual input is incorrectly processed, leading to
false or exaggerated perceptions of objects.

• Spatial reasoning errors. MLLMs struggle with spatial
reasoning, causing errors in interpreting object relation-
ships, such as incorrect positioning or orientation of ob-
jects in space (Zhang et al. 2025a; Zha et al. 2025).

• Multi-image understanding errors. MLLMs face chal-
lenges in multi-image understanding, resulting in errors
when comparing, matching, or integrating information
across images, leading to incorrect logical inferences.

Perceptual and spatial errors hinder Object Recognition and
Grounding, while multi-image reasoning limits Scene Com-
parison, Object Matching, and Collaborative Decision; other
tasks show varied failure modes (see Appendix).

4 Conclusion
In this work, we propose AirCopBench, a benchmark for
multi-UAV collaborative perception with challenging degra-
dation, featuring 2.9k+ multi-view images and 14.6k+ ques-
tions. We evaluate 40 popular MLLMs on scene under-
standing, object understanding, perception assessment, and
collaborative decision. The best-performing models achieve
only 59.17% accuracy, highlighting challenges in multi-
view collaborative perception. Fine-tuned MLLMs with
simulated data improves their performance on real-world
tasks. Future work will extend to more diverse real-world
data and explore efficient MLLM architectures for practical
multi-UAV deployment (Ren et al. 2023).
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