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ABSTRACT

Large language models (LLMs) are increasingly deployed as au-
tonomous agents in multi-agent systems, yet their ability to reliably
execute distributed coordination protocols remains poorly under-
stood. While AgentsNet, a benchmark framework for distributed
coordination among LLM agents, enables such coordination, grant-
ing full reasoning autonomy often leads to inconsistent or degraded
performance in complex domains.

We hypothesize that coordination can be improved by regulating
agent autonomy through symbolic guidance derived from estab-
lished algorithms. To investigate this, we introduce the Symbolic
Guidance Taxonomy (SGT), which characterizes a spectrum of au-
tonomy ranging from open-ended natural language reasoning to
fully prescribed algorithmic execution, with intermediate levels
providing partial pseudocode guidance. Our results show that in-
termediate autonomy levels consistently outperform both unguided
agents and fully prescriptive specifications. These findings iden-
tify autonomy regulation as a key design principle for LLM-based
distributed coordination.
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1 INTRODUCTION

Coordinating multiple autonomous agents to achieve a common
objective is a long-standing challenge in AL Applications ranging
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from meeting scheduling and multi-robot coordination to satel-
lite constellations require agents to make local decisions under
limited information while collectively achieving coherent global
behavior [5, 7, 11, 15]. These distributed coordination problems
are inherently complex, as agents must reason about both their
own actions and those of others in dynamic, decentralized environ-
ments [1, 9].

Classical symbolic approaches provide principled solutions
through rigorously defined distributed algorithms with formal guar-
antees of correctness and convergence [6]. However, these methods
rely on complete and well-specified problem formulations, making
them highly dependent on precise specifications and thus unsuited
to informal or underspecified settings. In contrast, recent work
has explored LLMs as autonomous agents capable of interpreting
instructions and interacting in natural language [8, 14]. While LLM
agents offer flexibility and robustness to under-specification, they
often struggle to coordinate reliably, particularly when global co-
herence must emerge from local interactions [2]. There is thus a
significant opportunity in bridging the two paradigms [10].

To this end, we introduce the Symbolic Guidance Taxonomy (SGT),
a framework for characterizing how symbolic guidance modulates
the autonomy of LLM-based agents in distributed coordination
settings. Inspired by adjustable autonomy [12, 13], SGT organizes
agents along a spectrum from fully open-ended reasoning with no
symbolic structure to fully prescribed algorithmic execution, with
intermediate levels providing partial, function-level guidance.

Using SGT, we evaluate how varying degrees of symbolic guid-
ance affect coordination performance on standard distributed graph
problems, building on the AgentsNet benchmarking framework [2].
Our results show that intermediate autonomy levels are most ef-
fective: agents provided with partial, function-level guidance con-
sistently outperform both unguided agents and fully prescriptive
specifications. These findings highlight symbolic guidance as a key
mechanism for balancing autonomy and structure in LLM-based
multiagent coordination.

2 SYMBOLIC GUIDANCE TAXONOMY

LLM agents can be guided in different ways when solving dis-
tributed coordination problems, ranging from being left entirely to
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Figure 1: The Symbolic Guidance Taxonomy (SGT) autonomy
spectrum, from maximal autonomy (AgentsNet) to no auton-
omy (Code).

their own devices to being constrained by precise symbolic instruc-
tions. The Symbolic Guidance Taxonomy (SGT) provides a unified
framework for describing this design space by formalizing how sym-
bolic structure regulates agent autonomy in LLM-based multiagent
systems. Formally, let A denote a symbolic algorithm for a dis-
tributed coordination problem. A guidance strategy is defined as a
mapping G(S, E; A) +— I, where S C A specifies which components
of the algorithm are revealed to the agent, E specifies how these
components are encoded (e.g., natural language or pseudocode),
and I denotes the resulting guidance provided to the agent. Agent
autonomy is determined by both the amount of algorithmic infor-
mation exposed through S and the precision of its representation
through E.

This formulation induces a spectrum of autonomy. At one ex-
treme, agents receive no symbolic guidance (S = 0), correspond-
ing to maximal autonomy where coordination strategies are self-
generated; at the other extreme, agents are provided with a complete
algorithmic specification (S = A), corresponding to minimal au-
tonomy where behavior is fully prescribed. Intermediate-autonomy
agents lie between these extremes: they are guided by partial algo-
rithmic structure while retaining freedom in how this structure is
instantiated during reasoning.

SGT can be viewed as an operational instantiation of adjustable
autonomy for LLM-based agents. Classical work on adjustable au-
tonomy focuses on dynamically transferring control between agents
and external decision-makers depending on context and uncer-
tainty [12, 13]. In contrast, SGT regulates autonomy by varying the
amount and representation of symbolic algorithmic information
provided to the agent, offering a controllable mechanism for balanc-
ing flexibility and reliability in distributed coordination settings.

Figure 1 summarizes the resulting autonomy spectrum and the
agent types evaluated in this work, and serves as the basis for our
empirical analysis of how regulating autonomy through symbolic
guidance affects coordination performance.

3 EXPERIMENTAL EVALUATION

We evaluate how different levels of symbolic guidance influence the
performance of LLM agents on distributed coordination problems
using extended AgentsNet [2], across multiple representative LLM
models.! Specifically, we consider three canonical graph-based do-
mains—graph coloring, matching, and vertex cover—and examine
both local variants, where feasible solutions can be obtained us-
ing local heuristics, and global variants, where optimal solutions
require stronger coordination. For these domains, we employ the

Code is publicly available at https://github.com/YODA-Lab/Symbolic-Guidance-
Taxonomy.

executed directly as
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Local Coordination (MIS)

(A+1)-Coloring Matching Vertex Cover

AgentsNet 1.99 + 0.43 1.03 + 0.34 2.74 £ 0.44
Function-Description 0.55 + 0.26 0.78 £0.31 2.21+0.34
Function-Pseudocode 0.34 + 0.12 0.80 £ 0.30 3.03 £ 0.40
Main-Pseudocode 1.05 £+ 0.33 1.85 + 0.46 2.34 £ 0.38
Full-Pseudocode 0.76 + 0.25 2.61 +0.49 3.48 +0.25

Global Coordination (MIS)

3-Coloring Matching Vertex Cover
AgentsNet 2.35+£0.33 1.24 £ 0.11 2.90 £ 0.31
Function-Description 1.92 + 0.30 1.11 £ 0.20 2.35 £ 0.32
Function-Pseudocode 1.56 + 0.24 1.01 + 0.17 3.29 +£0.39
Main-Pseudocode 2.49 +0.33 1.37 £ 0.26 2.83 £0.26
Full-Pseudocode 1.89 + 0.36 1.85 +0.25 3.68 +0.26

Table 1: Initial results (Gemini-2.5 Flash): mean In(1 + SSE) +
SEM for local and global coordination using MIS.

Maximal Independent Set (MIS) heuristic as the underlying sym-
bolic algorithm, a classical local distributed coordination method
that resolves conflicts through priority-based decisions using only
neighborhood information [3, 4]. We evaluate coordination quality
using a unified error metric based on the sum of squared errors
(SSE), which captures deviations from feasibility or optimality, with
lower values indicating better coordination. For each domain, we
instantiate multiple agent types corresponding to distinct points
along the SGT autonomy spectrum shown in Figure 1. Across all
domains and problem variants, our results reveal a consistent pat-
tern: symbolic guidance profoundly shapes coordination outcomes.
Structured scaffolding significantly improves coherence and sta-
bility, while excessive prescriptiveness can reduce adaptability. In
particular, agents operating at intermediate autonomy levels con-
sistently outperform both unguided AgentsNet agents and fully
specified algorithmic agents. Function-level guidance, which ex-
poses partial algorithmic structure while allowing flexibility in
execution, yields the most robust performance across settings.

Table 1 summarizes these initial results for Gemini-2.5 Flash,
illustrating the non-monotonic relationship between autonomy
and coordination performance, with intermediate-autonomy agents
achieving the strongest overall performance across both local and
global variants.

4 CONCLUSION

We introduced the Symbolic Guidance Taxonomy (SGT), a princi-
pled framework for analyzing how symbolic structure regulates
autonomy in LLM-based multiagent coordination. Through initial
experiments on distributed graph problems, we showed that coor-
dination performance does not improve monotonically with either
increased autonomy or increased guidance. Instead, agents operat-
ing at intermediate autonomy levels—guided by partial, function-
level symbolic structure—consistently achieve the strongest perfor-
mance. These findings highlight symbolic guidance as an effective
mechanism for balancing flexibility and reliability in distributed
coordination. Future work will explore adaptive and heterogeneous
guidance strategies that dynamically adjust agent autonomy.
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