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Abstract— We introduce a decentralized person re-
identification method for robot swarms that uses natural
language as its primary representational modality. Unlike
traditional approaches based on opaque visual embeddings, the
proposed method represents observations with human-readable
descriptions. Each robot detects and describes individuals using
a vision-language model (VLM), and these descriptions are
compared and clustered across the swarm without centralized
coordination. Each cluster is distilled into a representative
description by a language model, yielding an interpretable
summary of the swarm’s perception. This enables natural-
language querying and supports explainable swarm behavior.
Preliminary experiments show competitive identity consistency
and interpretability compared to embedding-based methods,
despite limitations in text similarity and computational load.

I. INTRODUCTION

Swarm perception refers to the ability of a robot swarm to
leverage the sensory inputs of individual robots to achieve a
collective understanding of the environment [1]. Due to their
distributed nature, robot swarms can gather, share, and update
information in a scalable and fault-tolerant manner [2].
This is particularly useful for people (re-)identification and
tracking in environments where static methods are not ap-
plicable. While previous work demonstrated decentralized
visual people re-identification using visual embeddings [3],
we explore a more interpretable alternative: natural language
descriptions. Each robot generates textual descriptions of
observed individuals—e.g., “a person wearing a black T-shirt
and blue jeans”—using a vision-language model (VLM).
These descriptions are compared to identify and track indi-
viduals across space and time without exchanging raw visual
data.

This approach provides two main benefits:

1) It enables users to inspect the swarm’s knowledge in
human language.

2) It allows intuitive querying: rather than submitting an
image, a user can ask, e.g., “have you seen a person in
a red hoodie?” and retrieve relevant images.

To manage redundancy, each new description is compared
with previous ones. Similar descriptions are merged and
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summarized using a large language model (LLM). This
work investigates whether natural language can serve as an
effective medium for decentralized person re-identification.
We focus on the swarm’s ability to form shared semantic
representations under minimal coordination. The method is
evaluated in the same simulated environment as previous
work. While results are not yet optimal, they highlight
the potential of natural language for decentralized swarm
perception and communication. More advanced navigation
strategies are left for future study.

II. RELATED WORK

In swarm robotics, extensive research has focused on
understanding collective behaviors [4], [5] and collective
decision-making [6], [7], with perception consistently iden-
tified as a key enabler. More broadly, collective perception
has gained traction in domains such as (semi-)autonomous
vehicles [8], [9] and distributed monitoring systems [10],
[11]. In these contexts, person re-identification [12] plays
a critical role, enabling agents to consistently recognize
and track individuals across different views and locations
to support data fusion. Traditional re-identification pipelines
rely heavily on deep learning [13], particularly on feature
embeddings trained using triplet loss and its variants [14].
Although effective, these embeddings are inherently opaque,
limiting transparency and making it difficult for users to
interpret or audit the system’s internal representations. Re-
cent advances in vision-language models (VLMs) introduce
the possibility of encoding visual information in natural
language, offering interpretable and semantically rich alter-
natives to embedding vectors [15], [16]. Language-based
interfaces have already enhanced human-robot interaction
by allowing robots to follow high-level instructions and
express their internal states in a more human-understandable
form [17], [18]. While most re-ID research has historically
focused on static CCTV surveillance [19], [20], mobile
robots offer advantages such as dynamic viewpoints, close-
range sensing, and interactive capabilities [21]. These have
been explored in single-robot systems for tasks such as
face and voice-based re-identification [22], [23], as well
as for person-following and user assistance [24]. Robust
methods like CARPE-ID have demonstrated reliable person
tracking despite occlusions and appearance changes [25].
More recently, multi-robot and swarm-based approaches to
person re-identification have begun to emerge [1], [26], [27],
demonstrating promising scalability and resilience.

Our work builds on these developments by introducing
a language-based approach to person re-identification in
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Fig. 1: Data acquisition and clustering process.

robot swarms. Instead of opaque feature vectors, we employ
natural language descriptions, enabling interpretable cluster
formation and intuitive querying. This approach aligns with
growing interest in explainable Al and supports more trans-
parent, accessible interactions between humans and robotic
systems [28], [29].

III. METHOD

We adopt a decentralized architecture based on [3] that
replaces opaque feature vectors with natural language de-
scriptions. Each robot detects, tracks, and describes indi-
viduals with its onboard camera. Descriptions are clustered
locally and refined through decentralized communication
with nearby peers.

A. Local Data Acquisition

Each robot processes its video stream using a three-stage
pipeline (Figure 1):

1) Detection: people are detected using YOLOv8 [30],
trained on COCO [31].

2) Tracking: BoT-SORT [32] assigns IDs and maintains
tracks.

3) Description generation: each detection is passed to
Qwen-2.5 [33], which outputs a natural language
description.

B. Description Similarity and Clustering

Each robot maintains a local database of clusters, where
each cluster represents a hypothesized individual and con-
tains semantically similar descriptions. Descriptions within
a cluster are passed to Qwen—3 [34] to generate a represen-
tative summary, updated when new descriptions are added.
Initially, descriptions are clustered according to tracking IDs
provided by BoT—-SORT (Figure 1). When a new ID is de-
tected, the description is compared to each existing clusters’
representative summary using cosine similarity computed on
sentence-level embeddings. If similarity exceeds a threshold,
it is merged; otherwise, a new cluster is created.
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C. Inter-Robot Communication and Merging

Robots periodically exchange their cluster databases upon
encountering each other within communication range (Fig-
ure 2). Received cluster summaries are compared to lo-
cal cluster summaries using cosine similarity. Clusters are
merged if above the threshold; otherwise, added as new ones.
Following a merge, Qwen-3 regenerates the representative
summary. Robots may optionally share images as additional
data. These are not used for clustering and only support the
final demonstration.

D. Exploration behavior

We adopt a random walk exploration strategy based on
ballistic motion [3], providing a simple baseline that isolates
the impact of communication and perception.

IV. EXPERIMENTAL SETUP

We adopt the same simulation framework as previous
work [3]: a swarm of 4 Toyota HSR robots navigates within a
625 m? environment, where 6 or 50 people move freely for 10
minutes. Obstacles take the form of 5m x 3 m x 0.2 m panels
that obstruct both movement and visibility. The environment
is simulated in Unity, while robot movements are simulated
in ARGoS3 [35] and mirrored via ROS. Each robot follows
a random walk while performing detection, tracking, and
description generation.

We evaluate the proposed method (TD-SP) against an
embedding-based baseline (VE-SP). Performance is mea-
sured using CMC, mAP, and cluster purity [36], [37]. Cluster
purity is the proportion of the dominant ground-truth ID;
duplicate clusters retain only the largest, and undetected
IDs receive 0%. We assess the impact of communication
(6-person case) and occlusion (50-person case). We also
demonstrate natural-language querying, where each robot
retrieves for a given sample description the best-matching
image from their database.

V. RESULTS AND DISCUSSION

The 6-person experiments show that TD-SP achieves
lower or comparable CMC, but higher mAP and significantly
higher purity than VE-SP. Communication improves per-
formance across all metrics. In the 50-person experiments,
TD-SP shows a stronger decline in CMC and mAP, while
VE-SP remains more stable. Purity decreases for both meth-
ods, but less for TD-SP. This indicates that TD-SP is a
promising approach for swarm Re-ID, albeit with trade-offs
in retrieval ranking performance. With obstacles, VE-SP
shows reduced purity, while TD-SP remains stable and even
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Fig. 3: (a) CMC, mAP, and purity with and without communication for 4 robots and 6 people. (b) CMC, mAP, and purity
for 4 robots with 6 or 50 people. (¢) CMC, mAP, and purity with and without obstacles for 4 robots and 50 people.

slightly improves. This may reflect better generalization from
partially visible features or increased viewpoint diversity
introduced by constrained navigation paths. Overall, TD—-SP
improves interpretability, cluster purity and robustness to oc-
clusion, but suffers from limitations that affect scalability and
ranking-based metrics. In particular is the over-fragmentation
issue: TD-SP produces significantly more clusters than
VE-SP, likely due to rigid cosine similarity over sentence
embeddings. This yields many fine-grained clusters with high
purity but lower overall matching accuracy—hence, lower
CMC and mAP. More flexible matching methods—such as
cross-encoders or WMD [38]—could reduce fragmentation
at the cost of increase computational cost.

Natural Language Query Evaluation

In the 50-person scenario, each robot is queried with three
sample descriptions and returns the best-matching image

from its database (Figure 4). All robots consistently retrieve
images of the correct individual. For Query 2, robots return
different images, suggesting independent cluster formation
prior to communication. For Queries 1 and 3, identical
images indicate that the cluster was shared across robots
through communication. This indicates both independent per-
ception and semantic information sharing within the swarm.

VI. CONCLUSIONS AND FUTURE WORK

We introduced a decentralized person re-identification
method based on natural language descriptions. This im-
proves interpretability and enables intuitive querying. While
performance is limited by similarity measures and compu-
tation, results demonstrate the viability of language-based
re-identification. Future work includes improved similarity
metrics, lightweight models, contextual reasoning, selective
communication, and multimodal integration.



Query 1: a lady with a green t-shirt Query 2: a person with red shirt and black skirt Query 3: a person with a black outfit

Fig. 4: Natural-language query results for the swarm. Each group corresponds to one query, with four images returned by
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