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Abstract. In this work, we study Cooperative Spatial Intelligence, the
ability of decentralized embodied agents to coordinate effectively under
dynamic environmental constraints across city-scale outdoor domains. We
introduce Sentinel Challenge, a benchmark where multiple decentralized
embodied agents must communicate in natural language to agree on a
mutually safe and convenient meeting point within large, city-scale out-
door environments. Each agent must then navigate safely while avoiding
dynamic sentinels patrolling the area, with a tool providing coarse spatial
information. To address this, we propose CoSaR (Cooperative Spatial
Reasoning and Planning), a framework that bridges the high-level commu-
nication and planning abilities of foundation models with the precision of
classical spatial navigation algorithms. CoSaR enables agents to exchange
situational updates, reason over evolving spatial constraints, and collabo-
ratively replan trajectories. Evaluated across 14 city-level scenes with 3-5
agents, CoSaR consistently leads to faster gathering, shorter path lengths,
and improved safety. Our results demonstrate that integrating dynamic
communication with spatial reasoning is essential for robust multi-agent
cooperation. By formalizing this new setting and providing a scalable
benchmark, we aim to build a foundation for advancing cooperative spa-
tial intelligence in embodied multi-agent systems. Code and challenge are
available at https://github.com/UMass-Embodied-AGI/Sentinell
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1 Introduction

Humans excel at coordinating in complex spatial environments, determining safe
and convenient meeting points, sharing updates about obstacles, and adapting
plans as situations evolve. We refer to this capability as Cooperative Spatial
Intelligence. Despite rapid progress in embodied AI, whether multi-agent systems
can exhibit such competence in large, dynamic environments remains largely
unexplored. In this work, we study embodied multi-agent cooperation under
dynamic spatial constraints in large-scale outdoor environments. As shown in
Fig. [I] multiple decentralized embodied agents must communicate in natural
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Fig. 1: Embodied agents need to have Cooperative Spatial Intelligence to cooperate
efficiently under dynamic spatial constraints in large spatial extents.

language to agree on a mutually safe and convenient gathering point in large,
city-scale outdoor scenes. After reaching consensus, each agent must navigate
safely while avoiding sentinels patrolling the environment, relying on a map tool
that provides only coarse point-to-point waypoints, an abstraction inspired by
how humans coordinate while using a map to meet in a city.

Recent advances in foundation models have significantly strengthened
the capabilities of embodied multi-agent systems. Prior work, such as CoELA
demonstrates that agents equipped with large language models can communicate
and cooperatively solve indoor rearrangement tasks, and CaPo further
improves cooperation efficiency through meta-plan generation. However, these
systems operate only in confined, mostly static indoor environments where
simple obstacle-avoidance navigation is sufficient. Scaling cooperation to realistic
outdoor settings introduces new challenges: vastly larger spatial extents, path
uncertainties, dynamically changing constraints, and the need for continual
multi-agent information exchange.

To address these challenges, we introduce CoSaR, a cooperative spatial
reasoning and planning framework that combines the communication and planning
strengths of foundation models with classical spatial navigation algorithms.
CoSaR maintains a structured spatial memory consisting of a low-level occupancy
map and high-level representations of each agent and patrolling sentinels. This
memory is continually updated using visual observations and natural-language
communications, enabling agents to infer missing information, query a map tool
or peers to gather additional context, refine coarse waypoints, and collaboratively
replan routes in real time as conditions evolve.

We instantiate this problem setting within Virtual Community and de-
velop the Sentinel Challenge featuring configurable difficulty based on sentinel
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numbers and moving patterns. Experiments across 14 large-scale city environ-
ments with 3-5 agents demonstrate that CoSaR achieves consistently faster
gathering, shorter path lengths, and substantially higher safety compared to
strong baselines such as CoELA [65] and RoCo [29]. These improvements stem
from CoSaR’s ability to integrate dynamic communication, structured spatial
reasoning, and continual adaptation to changing environmental constraints. By
formalizing this new problem space and releasing a scalable benchmark, we aim
to advance the study of cooperative spatial intelligence in embodied multi-agent
systems through the Sentinel Challenge and CoSaR methods. Our contributions:

— We introduce the Sentinel Challenge to evaluate the embodied agent’s
Cooperative Spatial Intelligence, the capability to cooperate effectively under
dynamic spatial constraints.

— We propose CoSaR, an embodied cooperative spatial reasoning and planning
method featuring a dynamic spatial memory that enables agents to share
information, reason about spatial dynamics, and replan collaboratively.

— Experiments across 14 city-scale scenes with 3—5 agents show that our method
effectively leverages spatial information and dynamic communication, out-
performing strong baselines across multiple metrics.

2 Related Work
2.1 Multi-Agent Cooperation

Multi-agent cooperation is a long-standing and fundamental research problem in
artificial intelligence [2,/4L[5.8(15L/161/27,/401/49,(50152,/58]. For embodied intelligence,
existing works primarily focus on multi-agent cooperation in household environ-
ments [36}/37], while recent studies further extend this setting to communicative
scenarios [24,/65,(67,(72|. Different from the existing works, in this paper, we
focus on the multi-agent cooperation problem in dynamic city-level environments,
where agents are often spatially distant and rarely encounter each other directly,
requiring effective communication strategies, complex spatial reasoning, and
robust inference over continuously changing environments.

2.2 Foundation Models for Embodied AI

Foundation models have shown significant success in building autonomous agents
in both general and embodied settings [21},23}30L 34,3741, 51,54} 6062, 69].
Specifically, large language models are widely used for planning and decision-
making with text input [1,351/45//53[56], while vision-language models are adopted
to facilitate end-to-end planning from visual perceptions |17,20,31,/57}/66}/71]. In
this paper, we use foundation models as the backbones of our agent framework
for perception, communication, and decision-making.

2.3 Embodied Navigation and Spatial Intelligence
Embodied navigation |3}/11}/14}/19L/28}42./43} 46|59, /68| focuses on how agents
perceive, reason, and act within 3D environments to reach goals given visual

and linguistic inputs. The problem studied in this paper is closely related to
the subfield of embodied urban navigation [18}22,26,32}|44}/48], which extends
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navigation into city-scale environments, emphasizing long-horizon planning, mul-
timodal perception, and real-world constraints. A key capability for tackling such
problems is spatial reasoning |7}/10,|13}/55,63./64], which enables agents to infer
geometric structures, spatial relations, and affordances from limited observations
to support effective decision-making in complex environments. In this paper, we
introduce a novel spatial reasoning framework to address these challenges.

3 Problem Statement

We study the problem of embodied multi-agent cooperation under dynamic
spatial constraints. A group of decentralized embodied agents is randomly initial-
ized across a city-scale outdoor environment. Their objective is to communicate
in natural language and navigate safely to gather at a Place as soon as pos-
sible. The environment contains dynamically changing hazards—modeled as
Sentinels—that can detect and “catch” agents within their ego-centric field of
view. The task succeeds only if all agents safely gather at a place without being
caught. To support navigation across vast spatial scales, agents may query a
Map Tool that provides only coarse, high-level spatial information (e.g., way-
point routes), mirroring how humans coordinate using a city map when meeting
in an unfamiliar area. More formally, our problem can be formalized as a de-
centralized partially observable Markov decision process with communication
(DEC-POMDP-COM) [6}/47,/65], defined by (n, S, A;, O;, T, G, h), where

— n is the number of agents.

— S is a finite set of world states.

— A; = AW U A® U AM s the action space for agent i, consisting of

e AW actions for interacting with the world, such as navigation and task-

completion signals,

e A® communication actions,

o AM map tool query actions.
0, = 0V x O¢ x OM is the observation space for agent i, including

e OV visual observations,

e O¢ messages received from other agents,

e OM results returned by the map tool.
T represents the joint transition model.
— G represents the task goal.
h denotes the task horizon.

Places are predefined indoor or outdoor landmarks in the environment that
may serve as candidate gathering points. Agents are also initialized at indoor
places to prevent them from being immediately caught by sentinels. Initially, each
agent knows a part of these places. To get information about unknown places,
they must query the Map Tool.

Sentinels represent dynamic spatial hazards that constrain safe navigation.
We include two types: Stationary Sentinels, which remain fixed and rotate
continually; Patrolling Sentinels, which move along predefined patrol routes.

Both types of sentinels stay outdoors and cannot detect entities indoors. A
sentinel initiates a warning countdown when an agent stays within its ego-view.
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When starting the countdown, it will send a warning signal to the agent. The
countdown decreases faster when the agent is closer. An agent is considered
caught when the countdown reaches zero, and will be transported outside of the
city immediately. More formally,

G|

|
> ——, countdown starts
1000

If ) " [label, = labelagent]

peG

Where G is the RGB-D image, label, is the label of pixel p based on the
segmentation result, and labelggen: is the label of this agent. Countdown time ¢
is initially set to 15 when it starts. Then every second,
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If the agent exits the sentinel’s view, the countdown resets, allowing escape but
requiring coordinated and cautious path planning.
Map Tool provides coarse spatial information through five query types:

— QueryRoute(p1, p2): returns a waypoint-based route between p; and ps.

— QueryNearby(py): returns a list of places near coordinate p.

— QueryPlace(place): returns metadata for a given place (place), including its
location and bounding box.

— QueryMap(): returns an aerial-view binary image of the whole scene, where
white denotes navigable space. It is derived from the Virtual Community
dataset and serves only as a coarse approximation of the environment rather
than an exact representation of the physical layout.

— QueryRefinedRoute(list[p]): return a waypoint-based route. The Map Tool
first maps each input coordinate p to the nearest valid waypoint, and then
connects the waypoints sequentially, using the same algorithm as QueryRoute.

The Map Tool is implemented based on the Virtual Community dataset. It
generates waypoints in the city environment, constructs a connected waypoint
graph, and performs QueryRoute operations using the Dijkstra algorithm [9].
Additional implementation details are provided in the Appendix B. The tool
intentionally exposes only coarse, high-level spatial information, requiring agents
to communicate, reason about incomplete spatial knowledge, and collaboratively
refine plans under uncertainty—mirroring real-world human coordination in
large-scale environments.

4 CoSaR: Embodied Cooperative Spatial Reasoning and
Planning

CoSaR equips embodied agents with a spatially grounded reasoning architecture
that integrates perception, memory, and planning, as shown in Figure [2] After re-
ceiving egocentric sensory input and natural-language messages from teammates,
the agent first processes visual signals through a dedicated Perception Module,
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Fig.2: Method overview. CoSaR maintains a Spatial Memory that integrates
perceived visual observations, map-tool responses, and spatial information extracted
from natural-language communication. A spatial-aware reasoning module then uses this
memory to plan the actions.

which extracts objects, identifies sentinels, and produces semantic segmentation
suitable for spatial reasoning (section [4.1)). The natural-language messages are
analyzed by the Communication Module, extracting useful spatial information
and cooperation information (section . These heterogeneous inputs are con-
verted into structured spatial information such as updated poses, travel-time
estimates, occupancy patterns, and sentinel danger zones and consolidated into
a persistent Spatial Memory (Section 7 which stores the agent’s evolving
understanding of the environment, including meeting plans, occpupancy maps
encoding traversability and known poses of teammates and sentinels, estimated
arrival-time relationships. The memory serves as a unified state representation
supporting both communication and navigation. Building on this memory, the
Spatial-aware Reasoning Module plans the next action by deciding when to com-
municate with others, query the map tool, or wait, or by guiding movement
through the environment (section [4.4). When the agent identifies that its current
route intersects a dangerous region, it invokes the Route Refinement module,
which reconstructs a schematic map from spatial memory and solicits spatial
reasoning from a VLM to propose a safer route before obtaining an actionable
path from the map tool (section . Together, these components enable agents
to perceive, communicate, and navigate in a spatially grounded manner, form-
ing the core of CoSaR’s embodied cooperative spatial reasoning and planning
capabilities.

4.1 Perception Module

The agent first processes the observed raw RGB-D input with open-set object
detection models to identify all visible objects o, including other agents,
and then uses Segment Anything to predict segmentation masks m, and
projects each object into a point cloud p with the depth input. To supplement
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with semantic features, the agent calculates the CLIP feature [38] for each object
with cropped RGB images with respective segmentation masks. A voxel grid
g is also constructed with the entire RGB image and depth map for later use.
Specifically, the agent matches each perceived object with the sentinel features to
identify the existence of the sentinels, and marks the grids occupied by sentinels
with warning labels. Therefore, the RGB-D observation is perceived into a list of
objects o(p, f) and a voxel grid g.

4.2 Communication Module

The agent uses the communication module to analyze messages received from
other agents and generate potential messages to exchange based on current
knowledge of the environment and other agents. If there are communication
messages, the agent uses LLM to extract potentially useful information, including
spatial information such as the current positions of other agents and sentinels,
ETA information from an agent to a specific place, and cooperation information
such as the opinions of each teammate. With this updated information, the
agent determines the most reasonable target location for gathering. To facilitate
planning, CoSaR generates potential communication messages to send at each
step. To generate reasonable communication messages that facilitate the task,
the communication module utilizes LLMs as a message generator and prompts
it with key components of our spatial memory, including Poses list, ETA map,
available places. We also equipped it with the stored conversation history and
previously analyzed opinions of each teammate.

4.3 Spatial Memory

The spatial memory is the core component of our agent that stores the key
knowledge about the environment and other teammates. The basic components
of the spatial memory include:

Occupancy map and danger zones The agent constructs a local occupancy
map that captures ground accessibility with the perceived voxel grids. The known
locations of all agents and sentinels are also noted on the map. To support the
meeting challenge, the agent further designates danger zones surrounding all
known sentinel locations. This map is maintained through a combination of visual
perception and information exchange from communication.

Estimated Time of Arrival (ETA) Map The ETA map records the estimated
travel time of each agent to each candidate place. The agent infers others’ ETAs
through communication and obtains its own by querying the map tool.
Meeting plan The meeting plan consists of a selected meeting place and a
reference route to it. While the meeting place is continuously negotiated and
updated through communication, the reference route is initially obtained from
the map tool via the Query Route action and subsequently maintained through
iterative refinement during navigation.

4.4 Spatial-aware Reasoning Module

The Spatial-aware Reasoning Module serves as the central cognitive engine,
synthesizing high-level coordination strategies from the agent’s underlying spatial
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memory. This module systematically interprets stored spatial trajectories and
environmental constraints to orchestrate communication and navigation in a
decentralized manner.

The spatial-aware reasoning module scans the spatial memory to determine
what information remains missing, what should be queried, and what actions are
most beneficial for progressing the discussion. We leverage the zero-shot reasoning
capabilities of a Large Language Model (LLM), prompting it with a structured
representation of the spatial memory. This includes the Pose Registry (agent
coordinates), an Estimated Time of Arrival (ETA) Map, and a list of Candidate
Meeting Places. By integrating these with the historical dialogue and the inferred
preferences of teammates, the LLM selects from four plan types:

— Query: Invokes the map tool with specific parameters to reduce spatial
uncertainty.

— Communicate: Broadcasts a natural language message synthesized by the
communication module to align teammate beliefs.

— Navigate: Initiates a trajectory toward a prioritized spatial goal.

— Wait: Temporarily halts movement to synchronize with teammate arrivals
or await critical information.

Each selected action is accompanied by a justification, providing a trace of the
agent’s reasoning process. Navigation-type plans are subsequently offloaded to
the Navigation Module (Sec. for low-level execution and obstacle avoidance.

To reduce inference cost, the spatial-aware reasoning module is activated only
under the following conditions:

— A new event is observed (e.g., incoming messages or newly detected sentinels).
— The communication module detects disagreement on the meeting place.
— At regular intervals (every 120 seconds).

4.5 Navigation Module

The navigation module translates high-level navigation plans into executable
dynamic hazard-aware trajectories. Given a target destination, the agent first
queries the map tool for a baseline global route. This route is subjected to a
Safety Assessment phase, where it is cross-referenced against known Danger
Zones. If a safety violation is detected, the agent triggers a multi-stage Route
Refinement process to synthesize a viable detour.

Route Refinement via Multimodal Grounding. When a route is flagged as
unsafe, the agent invokes a QueryMap action to retrieve a coarse-scale, top-down
aerial representation of the environment. As illustrated in Fig. 3] we construct a
Schematic Spatial Map by augmenting this visual representation with metadata
from the agent’s spatial memory, including current ego-pose, detected sentinel
coordinates, and the current reference path. This augmented map is then passed to
a Vision-Language Model (VLM). We provide the VLM with explicit coordinates
for the agent, the destination, and the intersection points of the danger zones and
the reference route. The VLM is prompted to return a series of refined coordinates.
To account for the inherent spatial stochasticity and potential hallucinations of
the VLM, the model’s proposed trajectory is passed through a QueryRefinedRoute
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Fig. 3: Route Refinement. The agent will call QueryMap and get a coarse-level
2D-map image, which is dynamically augmented with visual prompts representing the
current route (blue) and danger zones (red) corresponding to sentinel locations. A
Vision-Language Model (VLM) performs zero-shot spatial reasoning over this annotated
visual input to synthesize a new route that ensures safe navigation toward the meeting
point while maintaining a safe buffer from dynamic threats.

verification step. This step maps the VLM’s high-level route back to the valid
navigation waypoints that the agent can directly follow. To ensure robustness
against repeated VLM failures, we implement a retry-limit mechanism, falling
back to a heuristically-modified map-tool route, where we simply remove the
waypoints intersecting with any danger zone, if a valid path is not synthesized
within N attempts.

Emergency Avoidance. During navigation, certain circumstances may rise,
such as a sentinel emerging suddenly after a corner. If the agent decides it is in
an immediately dangerous pose, it will perform an emergency avoidance. The
further details are included in the Appendix C .

Low-level Control. Once the refined waypoints are finalized, the agent employs
the A* algorithm for local pathfinding based on the occupancy map, ensuring fine-
grained obstacle avoidance and adherence to the global trajectory in a continuous
action space.

5 Sentinel: An Embodied Cooperative Spatial Reasoning
and Planning Benchmark

We instantiate the above problem in a city-scale environment using the Virtual
Community platform [70].

Environment. The benchmark consists of 24 fully annotated scenes. Each scene
spans approximately 800 m x 800m and is constructed from real-world maps.
Agents receive egocentric 512 x 512 RGB-D observations and interact with the
environment through navigation, communication, and map queries.

Places. Each scene contains 50-150 predefined places, which serve as candidate
gathering points. Agents initially possess only partial knowledge of these places
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and must discover additional locations through interaction with the environment
and the Map Tool.

Agents. Each scene includes up to 15 agents with predefined configurations,
including their names, initial places, and knowledge. The number of participating
agents in each run is controlled by configurable parameters.

Sentinels. Each scene includes up to 20 sentinels with predefined configurations
(both stationary and patrolling). Sentinels are initialized at random locations
within the scene. To prevent trivial solutions, a subset of sentinels (e.g., the
first five) is placed near the geometric center of agents’ initial places, increasing
task difficulty. The number of active sentinels in each run is also controlled via
configurable parameters.

Metrics. The benchmark reports the following metrics: Success Rate, fraction
of episodes in which all agents successfully gather within a horizon of 1500 steps;
Caught Rate: fraction of agents that are captured by sentinels; Detected
Rate: proportion of time steps in which any agent is detected by a sentinel;
Time Cost: number of steps taken for all agents to gather; Distance Traveled:
aggregate distance traveled by all agents.

6 Experiment

6.1 Experimental Setup

Sentinel Challenge. We evaluate our method in the Sentinel Benchmark
Task difficulty is controlled by varying the number of sentinels and their motion
patterns. We conducted experiments with 3 agents and 5 sentinels of two different
moving patterns as introduced in section [3, over 14 diverse scenes. We also
evaluate a setting with oracle perception, in which ground-truth segmentation
is provided during perception. This significantly improves the probability of
correctly detecting a sentinel.

Baselines We compare against six representative baselines:

— Oracle Centered: selects the meeting location as the geometric center of
all agents, assuming oracle access to their ground-truth positions.

— Oracle Centered w/ DZ: extends the above with danger-zone—based
sentinel avoidance (Section [£.3).

— MCTS Planner: selecting the meeting location using MCTS planners. Each
agent uses an MCTS planner to minimize the distance to other agents, the
total traveled distance, and the detection rate.

— RoCo [29]: a strong multi-agent cooperation method adapted to our setting.
RoCo represents methods that plan first and execute later: agents communi-
cate only at the beginning of the task to agree on a meeting place and the
full navigation plan.

— CoELA [65]: a modular framework powered by foundation models with
dynamic communication and planning, enhanced with danger-zone avoidance.

— MAT [58]: Multi-Agent Transformer adapted to our setting following the
CoELA paper. A shared encoder—decoder Transformer consumes a top-down
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Table 1: Results for 5 agents and 10 sentinels We report the average score over
14 scenes and 6 runs here. Best performance is shown in bold. The Oracle Centered
baseline is excluded from the Oracle-perception scenario, since the method itself does
not utilize Oracle perception.

‘ 10 Stationary Sentinels ‘ 10 Patrolling Sentinels

Succ. Caught Detect. Suce. Caught Detect.

Method Ratef Rate]l Ratel Time]  Dist.} Ratet Ratel Ratel Time]  Dist.}
Sentinel Challenge
Oracle Centered 7.14 5143 1.80 1429.86 1800.07 |14.29 28.57 1.50 1367.07 1401.93
Oracle Centered w/ DZ|11.90 39.29 1.86 1401.40 1598.50 [29.76 22.14 1.66 1228.89 1381.91
MCTS 10.71 47.38 2.21 1371.26 2206.20 | 15.48 40.48 2.02 1338.67 2226.39
RoCo 26.19 26.90 1.13 1255.81 1333.27|29.76 28.57 1.73 1306.00 1480.76
CoELA 16.67 25.24 1.08 1340.77 1522.53 [26.19 17.62 0.94 1304.94 1436.53
MAT 0.00 35.71 1.13  1500.00 1453.82 | 7.14 20.24 0.78 1447.17 1269.10
CoSaR (Ours) 32.14 21.43 1.27 1194.45 1552.45(32.14 27.62 2.22 1246.86 1577.99

Sentinel Challenge w/ Oracle Perception
Oracle Centered w/ DZ|28.57 24.29 2.09 1237.50 1459.10 [35.71 19.76 0.95 1230.06 1393.05

MCTS 33.33 22.38 2,55 1196.80 2147.75|19.05 31.43 2.26 1309.76 2393.93
RoCo 46.43 15.00 1.44 1106.30 1332.00 |38.10 17.14 1.41 1268.10 1472.20
CoELA 34.52  9.52 1.24  1188.02 1237.82|36.90 10.95 0.66 1248.24 1350.23
MAT 714 1976  1.00 1455.43 1815.91| 0.00 11.43 0.49 1500.00 1315.29
CoSaR (Ours) 53.57 9.05 0.97 1080.46 1387.31|38.10 20.95 1.72 1247.62 1708.91

Method Comparison (mean + SEM) — Standard | Stationary Sentinels

Success Rate (%)
Caught Rate (%)
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Fig. 4: Method comparison under the standard setting with stationary sentinels. Results
are reported as mean = SEM over 14 scenes with 5 agents and 10 sentinels (6 runs per

scene). Left: task success rate (%). Right: caught rate (%).

semantic map plus per-agent features and autoregressively emits joint meeting-
place decisions over the same top-K candidate set, trained online with PPO.
MAT serves as a centralized end-to-end multi-agent RL baseline.

Implementation Details We use gpt-4o0 as the foundation model backbones

for all methods unless otherwise specified. Experiments are conducted on A16
GPUs.

6.2 Results

Failure Reasons. We show the failure reasons breakdown in Figure [5] The
reasons for task failure are threefold. First, some agents are captured by sentinels.
Second, some agents take too long to reach the target location, exceeding the
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Failure Distribution — Standard | Stationary Sentinels
RoCo CoELA MAT CoSaR (Ours)
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Incomplete
Success 8.3% 16.7% Incomplete
26.2% 26.0% Success
32.1%
Caught
Caught 66.7%
74.0%
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Fig.5: Failure breakdown (%) under the setting of 5 agents and 10 stationary
sentinels over 14 scenes and 6 runs. Most failures lie in unsafe decisions (Caught).

time limit. Third, agents may issue a task completion signal while not being
located at a common meeting place.

CoSaR Agents generally achieve a higher success rate with lower cost.
As shown in Table [T] and Figure ] CoSaR agents consistently obtain the highest
success rate across tasks. The high performance of RoCo is also predictable, as we
incorporate part of the spatial memory into its implementation. CoSaR also has
the overall lowest Time and Distance cost, indicating more efficient coordination
and faster convergence.

Spatial memory is important. Without dynamic discussion, Oracle Centered
Agents and RoCo agents may get stuck at unsafe meeting points. However, their
performance remains considerably higher than that of CoELA agents, which
support dynamic communication but lack any spatially aware module. This
contrast highlights the essential role of spatial memory in effective coordination.
CoSaR Agents can communicate effectively to exchange spatial infor-
mation. Figure [f] illustrates the qualitative communication process among the
agents. The examples demonstrate that, supported by our framework’s reasoning
and planning capabilities, the agents can respond appropriately to communicative
requirements and pose pertinent questions that help advance the discussion. Dur-
ing the meeting procedure, certain circumstances may arise, like a new sentinel or
invalid reference route, which will result in an increase in the current estimated
time to arrival. Through coordinated decision-making, the agents are also able to
address unexpected difficulties that arise during the meeting process, adjusting
their meeting location accordingly.

CoSaR performs best across different numbers of agents and sentinels.
To evaluate whether our proposed method is effective across different numbers of
agents and sentinels, we experimented with three additional settings:

— 3 agents, 10 sentinels.
— 5 agents, 5 sentinels.
— 5 agents, 20 sentinels.

The results are shown in Table 2] As shown in the results, increasing the agent
number or the sentinel number makes the challenge overall harder to complete,
since the possibility of an agent being caught gets higher, and it requires more
agents to arrive at the same place. CoSaR maintains a consistently lower caught
rate across varying numbers of agents, with its advantage increasing as the team
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L Confirm Intention ]

L Query Map Tool ]

L Changing Meeting Place ]

Elizabeth: Hello team, I'm currently at [0.85, -
87.15]. My ETAs are 13:52 to <Dutch Water
Lounge>, and 6:37 to <Snacks and DM Store>.
Drake, could you please share your ETA to these
locations?

Steve: Hello team, this is Steve Johnson. | confirm
<Bicycle Sharing Station 1> as our meeting point,
as most of us have agreed. My ETA to <Bicycle
Sharing Station 1> is 6:20. Kate, could you please
confirm this location as well? Let's finalize this
decision promptly. Thank you!

Reasoner @

Reasoner @

Drake’s plan: | should query my ETA to <Snacks and
DM Store> because multiple team members have
requested it, and | don't have it in Known ETAs.

Kate’s plan: | should confirm <Bicycle Sharing
Station 1> as the meeting point since most agents
have agreed and my ETA aligns well. This will help
finalize the decision promptly.

Action Module

Action Module

Drake: Query Route to <Snacks and DM Store> .

Kate: I'm currently at [-153.23, -23.99]. | confirm
<Bicycle Sharing Station 1> as our meeting point,
as most of us have agreed and my ETA is 3:22. Let's

Steve: Hello team, my ETA to <Nusi¢eva Bus Stop>
increased significantly from 4:09 to 9:04 in 2
minutes. | suggest discussing alternative meeting

location.
]

Megan: I'm currently at [78.75, -93.75]. Given the
increased ETA to <Nusi¢eva Bus Stop> and potential
sentinel risks, let's consider <Bicycle Sharing
Station 3> as an alternative. My ETA to <Bicycle
Sharing Station 3> is 3 minutes and 42 seconds.
Could Steve, Allen, and Eve please share their ETAs
to <Bicycle Sharing Station 3> to help us decide
efficiently? Let's aim to finalize our meeting point
soon to minimize detection and travel time.

13

Allen: I'm currently at [-167.25, 3.25]. My ETA to
<Bicycle Sharing Station 3> is 7 minutes and 52
seconds. With Megan's ETA at 3 minutes and 42
seconds and Steve's at 8 minutes and 30 seconds,

finalize this decision promptly to ensure a smooth
rendezvous.

<Bicycle Sharing Station 3> seems efficient for
most of us. Let's aim to finalize this as our meeting
point to minimize detection and travel time.

Fig. 6: Case Study. The left panels demonstrate how CoSaR agents decide their next
action when actively communicating. The right panel showcases an example of how
CoSaR agents successfully change their meeting place upon changing circumstances.
More case studies are provided in the Appendix D.

size grows. Moreover, CoSaR prevents its success rate from deteriorating as
sharply as the other methods, demonstrating stronger robustness under multi-
agent settings.

Efficiency-Safety Tradeoff. As shown in Table[I]and Table[2) CoELA occasion-
ally achieves a lower caught rate than CoSaR. However, this does not reflect safer
navigation. Instead, CoELA tends to spend much more time in initial locations,
where agents are not exposed to sentinels. While this reduces the caught rate, it
also delays coordination and movement, leading to a lower overall success rate.

6.3 Ablation Study

To systematically evaluate the effectiveness of different components in our method,
we conduct an ablation study by removing each of the following four components:

1. Route Refinement: The retry limit for route refinement attempts is set to
Zero.

2. Message Analyzer: The message analyzer is not invoked when a new message
is received. Consequently, the ETA map and the list of known poses are not
stored, and the summarized opinions of each agent are unavailable.

3. Spatial Memory: Agents are disabled from accessing spatial memory when
making decisions. As a result, they cannot utilize the ETA map or the list of
known poses.

4. Emergency Avoidance: Agents do not perform emergency avoidance when
being too close to any sentinel. This leads to bolder navigation behavior.

The results are shown in Table 3] The success rate consistently decreases as
these components are removed, with the largest drop occurring when the ETA
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Table 2: CoSaR performs best across different numbers of agents and
sentinels. We report the mean success rate and detected rate under the patrolling
sentinel setting over 14 scenes and 2 runs.

3 Agents 5 Agents 5 Agents 5 Agents

Method 10 sentinels | 5 sentinels | 10 sentinels | 20 sentinels

Success Caught|Success Caught|Success Caught|Success Caught

Rate! Ratel | Ratet Rate] | RateT Rate] | Rate? Ratel
Oracle Center 21.43 4048 | 7.14 5143 | 7.14 51.43 | 7.14 57.14
Oracle Center w/ DZ| 21.43 40.48 | 14.29 32.86 | 7.14 38.46 | 7.17 44.62
MCTS 25.00 33.33 | 17.86 40.00 | 7.14 50.71 | 7.14  40.77
RoCo [29] 28.57 27.38 | 35.71 25.71 | 28.57 24.29 | 17.86 36.43
CoELA |65 39.29 26.19 | 21.43 22.14 | 21.43 21.43| 7.14 43.08
CoSaR (Ours) 42.86 27.38 | 39.29 20.00 | 35.71 24.29 | 21.43 32.14

Table 3: Ablation Results. We report the results under the setting of 5 agents and
10 stationary sentinels over 14 scenes and 6 runs here.

Success Caught Detection

Method Rate! Rate] Ratel Time.] Dist.)

CoSaR (Ours) 32.14 21.43 1.27  1194.45 1552.45
without Route Refinement 26.19 28.80 1.18 1243.31 1446.25
without Message Analyzer 19.26  31.38 1.29 1310.20 1488.76
without Spatial Memory 2142 31.19 1.27 1283.70 1489.28
without Emergency Avoidance 24.05 31.95 1.15 1268.58 1513.40

map and the list of known poses are unavailable due to disabling the Analyzer
and Spatial Memory. This mainly reduces the agents’ ability to identify suitable
meeting locations and increases their exposure to sentinel threats.

6.4 Backbone Comparison

To compare the performance of our method across different Foundation Model
backbones, we additionally experimented using Qwen3-VL-30B-A3B-Instruct
with our method. As shown in Table EL our method with Qwen backbone also
achieves competing performance, demonstrating the robustness and effectiveness
of our methods across different backbones.

7 Discussion

Beyond robotics applications—such as search-and-rescue, human-aware naviga-
tion, and autonomous delivery under dynamic constraints—this benchmark is also
motivated by large-scale multi-agent environments, including game-like settings
where agents must coordinate while avoiding hostile or visibility-constrained
entities. In this formulation, sentinels abstract dynamic hazards such as guards,
adversaries, surveillance regions, or unsafe zones, requiring agents to jointly
reason about risk, visibility, and coordination.
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Table 4: Performance Comparison Across Foundation Model Backbones. We
report the results under the setting of 5 agents and 5 stationary sentinels over 14 scenes
and 2 runs here.

Success Caught Detection
RateT Rate] Ratel

gpt-4o0 67.85  5.00 0.57 950.5 1172.15
Qwen3-VL-30B 60.71  7.69 0.77  1013.38 1292.97

Method Time.] Dist.}

More broadly, the benchmark is designed to study cooperative spatial reason-
ing and communication under partial observability and evolving constraints. It
provides a controlled setting for analyzing how agents share information, adapt
plans, and maintain coordination in the presence of dynamic risks.

Dual-use Considerations. We acknowledge that capabilities for coordinated
navigation and inference under partial observability are inherently dual-use. While
such capabilities may benefit applications such as search-and-rescue, disaster
response, and autonomous logistics, they could also be adapted for surveillance-
oriented tasks, including non-consensual tracking or monitoring.

Potential Mitigation. Our benchmark mitigates several of these risks at the
source: it is conducted entirely in simulation and involves only synthetic agents and
environments. Consequently, no real-world human data, biometric information,
or personally identifiable information is used. The primary risk therefore stems
from the transfer of learned methods rather than from the benchmark artifact
itself. To further reduce misuse risks, we will release the benchmark with explicit
usage restrictions and document both intended and out-of-scope applications.
Further discussions are included in the Appendix A.

8 Conclusion

In this work, we introduced the Sentinel Challenge as a benchmark for study-
ing embodied multi-agent cooperation under dynamic and adversarial spatial
constraints. To address this setting, we proposed CoSaR, a cooperative spatial
reasoning and planning framework that equips agents with a dynamic spatial
memory for integrating perception, communication, and map-based signals. This
unified representation enables agents to share information effectively, reason about
evolving spatial structure, and adapt their plans through coordinated replanning.
Across 14 diverse city-scale environments involving 3-5 agents, CoSaR consis-
tently outperforms strong baselines, demonstrating the importance of spatially
grounded memory and communication in challenging multi-agent navigation
tasks. We believe Sentinel Challenge and CoSaR provide a promising foundation
for future research on large-scale embodied cooperation, resilient multi-agent
planning, and spatially grounded communication.
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