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ABSTRACT T re—
Multi-agent planning and coordination remain challenging in par- ) '8,
tially observed environments. Large language models (LLMs) offer
a solution by enabling text-native agents capable of planning and 2.
communicating in natural language. In this study, we examine s pimspn @ B romnns W oo
a failure-prone ingredient for scalable coordination. In particu-
lar, we examine LLM-agents’ planning capabilities over map-like Figure 1: Overview of the LLM-based multi-agent team task
topologies, commonly encountered in navigation tasks. We attempt in which each firefighter, an independent text-only LLM-

to stress topological spatial reasoning under decentralized infor-
mation to assess their limitations. Through a task formulation,
we isolate and study spatial reasoning failures hindering scalable
coordination and share our findings to help advance methods to 2 TASK MODEL

agent, communicates with teammates to defuse a bomb.

improve topological spatial reasoning. Supplementary material at To conduct the study, we specify a task model, as described next, to

https://doi.org/10.5281/zenodo.18694368 support the systematic analysis of map representations and memory
design for LLM multi-agent teams.

KEYWORDS Environment graph. We base the task on cooperative text bench-

LLMs; Multi-Agent Systems; Spatial Reasoning; Graph Navigation; marks for LLM coordination [5] and include optional features for

Decentralized Coordination custom maps to support our study. In this scenario, we model the

map as an undirected, unweighted, connected graph G = (V, E) [1].

ACM Reference Format: Each node represents a room and each edge represents a corridor.
Heitor Gama, Jean-Philippe Diguet, and Damith C. Ranasinghe. 2026. When For a node o € V, the neighbor set is N'(v) = {u € V | {u,0} € E}
LLM Agent Teams Fail at Topological Spatial Reasoning Under Partial Ob- ’ ’
servability: Extended Abstract. In Proc. of the 25th International Conference on
Autonomous Agents and Multiagent Systems (AAMAS 2026), Paphos, Cyprus, . : o . S
May 25 — 29, 2026, IFAAMAS, 3 pages. https:/doi.org/10.65109/RTFT9958 contains a fixed set of hidden entities tied to the objective. We

use a bomb-defusal instance, adapted from prior cooperative text

benchmarks [5], to instantiate the model.

Agents, hidden entities, and objective. We consider a team of N
agents 7 = {1,..., N} that acts in discrete rounds. The environment

1 PROBLEM MOTIVATION Let B8 = {1,...,K} denote bombs. Each bomb b € B has a
Teams of autonomous agents often need to coordinate naviga- location loc(b) € V and an internal phase sequence over a finite
tion [6] and execute tasks in environments with complex connectiv- alphabet C. Agents only observe bomb information through local
ity [10, 12]. Multi-agent planning is a hard problem in general [2, 10]. interaction in the same room. The team succeeds when it completes
LLM agents offer a practical mechanism for coordination through all phases for all bombs before a horizon Tipax.
dialogue and instruction following, so recent work studies LLM- State, actions, observations, & communication At round ¢, the
agent teams in cooperative task settings [4, 5, 15]. We are motivated latent state contains the map G, agent positions x; € V¥, and
to study cooperative tasks where navigation is central to task suc- hidden progress variables for bombs. Each agent selects (i) an envi-
cess and each agent receives only local observations to understand ronment action and (ii) a chat message. We use three action types:
the limits of LLM-based agents [5, 10]. In this study, we focus on A; = {move(u) | u € N(x;)} U {inspect(b)} U {cut(c, b)},
studying topological spatial reasoning of agents, critical for path
planning, under partial observability [9, 13, 14]. where inspect reveals task-relevant hidden information for a co-
located bomb and cut attempts to advance a bomb phase using an
- — - — agent tool. The environment returns a local observation to the act-
Th1§ work is l}censed under a Creative Commons Attribution Inter- ing agent, containing the current room id, local neighbors, locally
[ national 4.0 License. 4 4 >
present bombs, optional probe feedback, and the public chat log
Proc. of the 25th International Conference on Autonomous Agents and Multiagent Systems L;_1. The chat log aggregates messages from earlier rounds and

(AAMAS 2026), C. Amato, L. Dennis, V. Mascardi, J. Thangarajah (eds.), May 25 — 29, th 1 h izati hani for hidden di
2026, Paphos, Cyprus. © 2026 International Foundation for Autonomous Agents and serves as the sole synchronizalion mechanism 1or nidden diSCover-

Multiagent Systems (www.ifaamas.org). https://doi.org/10.65109/RTFT9958 ies and intended plans.
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Partial observability. Each agent receives local observations tied
to its position. Hidden bomb states remain private until an agent vis-
its and inspects. Team-level knowledge only arises through commu-
nication [2, 5]. The model therefore combines topological planning
over G with decentralized information aggregation over L;.
Action interface and invalid outputs. The text interface parses
agent outputs into actions. Agents receive preset rule-based feed-
back of their invalid actions, enabling analysis of invalid-action
cascades under long-horizon prompting [11, 18].

2.1 Map-to-Text Interfaces Formulation

The task model requires an interface that renders a map to text. Let
encmgp denote a deterministic graph-to-text encoding. The encod-
ing choice controls prompt length and ambiguity [3, 13, 14]. In this
work, we use the full-map encoding where each agent receives the
entire encpy,p (G) at every turn [5].

We also use an explicit belief template that agents maintain as
internal memory [5]. The template stores a structured summary of
agent position, known bombs, inferred teammate locations, tools,
and recent messages. Agents update the template each round using
their latest observation and the chat log. Since an LLM generates
updates, the belief may accumulate inconsistencies, enabling study
of self-consistency under long-horizon planning [11].

2.2 Performance Evaluation.

Score: We evaluate team performance using a cumulative score
that rewards successful bomb defusal. When an agent completes
the final phase of a bomb, the team receives 10 - ¢(b) points, where
¢(b) € {1, 2,3} denotes the number of phases for bomb b. Under the
canonical configuration with two single-phase bombs, two double-
phase bombs, and one triple-phase bomb, the maximum achievable
score equals 90 points. Rounds to Completion: This measures
efficiency and is defined as the number of rounds elapsed until the
episode reaches a terminal success state where all bombs are fully
defused. If the team fails to defuse all bombs before the horizon
Tax, we set Rounds to Completion to Tyyax = 100.

3 EMPIRICAL STUDY

We study scalable coordination by focusing on map size. This factor
can be adjusted in a concrete way, allowing us to isolate its effects
empirically without changing the underlying task dynamics [8, 13,
16]. We describe the settings and the experiment designed below.
Map-to-text encoding burden. Agents require a textual repre-
sentation of the map to plan routes and coordinate. We provide
each agent with a full-map encoding (natural-language description
or canonical adjacency list) at each decision step [3, 13, 17]. Since
serialization length grows with |V| + |E|, larger maps consume a
substantial fraction of the prompt budget and force long-horizon
reasoning over order-sensitive text.

Decentralization and synchronization via chat. Team knowl-
edge aggregates through a public message log. We choose the size
(in rounds) of the chat history buffer, that is, we remove the oldest
message to add the newest after the buffer is full [4, 7, 15].
Memory representation under token limits. We use a struc-
tured belief template to summarize state-relevant information. The
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Table 1: Scaling size. Performance degrades on large maps.

. . Rounds to
Model #Nodes  Valid Action % Completion Score
5 93.80% 13 + 3.00 90 £+ 0.00
8 97.22% 14 + 3.46 90 £+ 0.00
04-mini 16 98.80% 20 +£3.46 90 £+ 0.00
53 95.25% 79.33 + 28.22 83.33 + 11.55
100 90.33% 100 £ 0 20 £8.17
03-mini 5 91.24% 14 +£1.73 90 + 0.00
53 86.57% 91.33 + 12.26 63.33 + 24.94
5 62.91% 19 +£9.29 80 +17.32
Llama-3.1-708 53 12.79% 100 0 6.67+4.71

template functions as an explicit memory interface that competes
with raw chat history for tokens [5, 11].

The new formulation supports controlled studies that vary one
ingredient at a time while holding remaining ingredients fixed.
This protocol enables attribution of coordination failures to map
serialization burden; importantly it provides an empirical basis for
subsequent method development to study observability constraints,
memory design, and communication reliability.

Experiment. Under full-map encoding with no communication
dropout, 3 agents and 5 bombs, we vary the map size.

3.1 Results and Findings

Table 1 shows a strong dependence on model class. The reasoning-
oriented models (04-mini and 03-mini) remain near-optimal on
small maps and only exhibit marked degradation as node count
increases, with longer episodes and reduced score on the largest
instances. In contrast, Llama-3.1-70B shows low Valid Action %
already on the 5-node map, indicating early interface-level failures
and making it a weaker choice for this task family. The gap suggests
that failures at scale for 04/03 stem more from topological planning
under long contexts, motivating map encoding strategies that can
recover their performance.

Our study discovers that when scaling beyond trivial, fully
visible spatial layouts or maps to large, partially observable
maps, we observe sharp drops in spatial coherence and team
coordination for zero-shot agents. In these scenarios, partial
observability, limited message budgets, and latency pressure
reduces agent ability to maintain consistent world models
while planning through natural language communication.

3.2 Future Work

The task model we describe supports systematic evaluation along
axes that matter for scalable LLM coordination. (i) scaling, where
map serialization length and topology interact with token budgets
under long-horizon navigation; (ii) interfaces, where full-map en-
codings compete with region-collapsed local views under matched
prompt budgets; and (iii) memory, where structured belief tem-
plates trade off against long chat transcripts for decision quality.

In the future, we plan to study failure modes from communi-
cation, such as how message dropouts shape coordination, error
propagation, and redundancy in exploration as well as propose so-
lutions to improve spatial reasoning of LLM-agents [4, 7, 15]. This
sets the stage for a full empirical study in an extended work.
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