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ABSTRACT
Distributed Constraint Reasoning (DCR) has long provided a princi-
pled framework for modeling and solving multi-agent coordination
and optimization problems. However, its practical adoption in real-
world, human-centric domains has been hindered by the challenge
of translating human intentions, preferences, and constraints into
formal symbolic models. At the same time, recent advances in LLMs
have enabled powerful agentic capabilities, including natural lan-
guage understanding, flexible reasoning, and interactive problem
solving, but these systems lack the formal rigor and guarantees
needed for scalable multi-agent coordination. In this paper, we ar-
gue that the convergence of these two paradigms offers a timely and
transformative opportunity. We articulate several synergistic re-
search directions: leveraging LLMs for translating natural language
into DCR specifications, eliciting and refining user preferences, and
enhancing inter-agent communication; and conversely, applying
DCR models and algorithms to improve coordination, structured
reasoning, resource allocation, and communication sensitivity in
Agentic LLM systems. Together, these threads point toward hybrid
neurosymbolic systems that combine the adaptability of LLMs with
the mathematical rigor of DCR.
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1 INTRODUCTION
Multi-agent systems (MAS) study scenarios involving multiple au-
tonomous entities, or agents, interacting to achieve individual and
shared goals. A common modeling framework for such interactions
is distributed constraint reasoning (DCR) [61], where agents control
variables, assign them values from predefined domains, and coordi-
nate under constraints that capture the implications of their choices.
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Over the past three decades, extensive research has developed DCR
models, algorithms, and metrics to enable cooperative decision
making among agents [17]. DCR problems typically take two forms.
Distributed constraint satisfaction problems (DCSPs) seek assign-
ments satisfying all hard constraints [61]. Distributed constraint
optimization problems (DCOPs) further account for preferences or
costs, aiming for solutions that minimize violation penalties or
maximize collective utility [33].

Historically, these models assumed that agents accurately repre-
sent human intentions, preferences, and constraints – an assump-
tion often unrealistic in practice. Yet recent advances in LLMs and
generative AI provide the missing link: LLMs can translate between
human language and the formal specifications required by DCR, en-
abling richer human-AI interaction. Moreover, LLMs exhibit emer-
gent reasoning abilities [3, 51] and can themselves act as reasoning
components within DCR frameworks [47].

This position paper envisions a synergistic unification of DCR
and Agentic LLM systems. LLMs can enhance DCR by translating
natural language, eliciting preferences, and supporting flexible inter-
agent communication, while DCR offers LLM agents formal tools
for coordination, optimization, and structured problem solving.
Together, they form the basis of hybrid neurosymbolic systems that
combine LLMs’ adaptability with DCR’s rigor, paving the way for
scalable, explainable, and human-aligned multi-agent intelligence.

2 BACKGROUND

Distributed Constraint Reasoning. A distributed constraint rea-
soning (DCR) framework models coordination among multiple au-
tonomous agents, each responsible for one or more variables that
must be assigned values from predefined domains under shared
constraints. These constraints capture dependencies among agents’
decisions, such as avoiding conflicts or satisfying resource limits.
When all constraints must be satisfied, the problem is formulated
as a distributed constraint satisfaction problem (DCSP); when con-
straints have associated utilities representing preferences, it be-
comes a distributed constraint optimization problem (DCOP). In both
cases, each agent selects values for its variables and communicates
with other agents to jointly determine a complete assignment that
maximizes the number of constraints satisfied (in DCSPs) or the
total constraint utility (in DCOPs). Communication is typically
assumed to be asynchronous and reliable (i.e., messages may be
delayed but are never lost) allowing agents to operate concurrently
and cooperatively in decentralized environments.

Solving DCOPs optimally is NP-hard [33], and even approximate
methods must balance communication, computation, and privacy
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trade-offs. Consequently, extensive research has produced a spec-
trum of algorithms, from inference-based [4, 7, 8, 16, 42, 45, 65],
search-based [14, 21, 23, 31, 33, 36, 59, 60, 64], and hybrid inference-
and search-based methods [19] to sampling [35, 38] and learning-
based approximations [11–13, 34], enabling scalable decision mak-
ing in dynamic, uncertain, or resource-constrained settings. These
models have been widely applied in domains such as meeting sched-
uling, sensor networks, traffic control, and multi-robot coordina-
tion, establishing DCR as a foundational paradigm for distributed
problem solving in multi-agent systems.

LLM Agents and Agentic LLMs. The integration of LLMs into
autonomous systems has led to the emergence of LLM agents –
architectures that extend the generative and reasoning capabilities
of foundation models with agentic functionalities such as planning,
memory, tool-use, and action execution. Unlike traditional LLMs
that operate as passive, prompt-response systems, LLM agents are
designed to autonomously perceive, reason, and act within complex
task environments. Architecturally, these agents typically comprise
a foundation model (e.g., GPT [25], Qwen [55], DeepSeek [10], and
LLaMA [15]), a memory subsystem supporting both short- and long-
term context retention, a planning module capable of decomposing
goals into subtasks, and an action interface for interacting with
external tools, APIs, or environments.

Recent frameworks such as AutoGPT [56], BabyAGI, and Cre-
wAI operationalize these components in feedback-driven loops,
enabling agents to iteratively reflect, plan, invoke tools, and re-
vise actions. Such capabilities have made LLM agents applicable
across domains including software development, healthcare, scien-
tific research, and content generation. These agents also exhibit key
properties associated with cognitive architectures, such as context-
aware decision-making, multi-modal integration, and adaptability
to dynamic inputs.

Agentic LLMs and Multi-Agent Problem Solving. Recent ef-
forts have begun to apply LLMs to multi-agent decision-making.
Sun et al. [47] provide a comprehensive analysis of this burgeoning
field, moving beyond individual LLM agent behaviors to address the
complexities of collective decision-making among multiple Agentic
LLMs. Notably, they map the multi-agent decision-making problem
as Dec-POMDPs, where Agentic LLMs are tasked with learning to
coordinate and communicate in a fully end-to-end manner. How-
ever, the authors emphasize the inherent scalability limitations of
this approach, typically restricted to a few agents, and the persistent
lack of robust security guarantees. Aside from that, AgentsNet is a
benchmark to measure the ability of Agentic LLM systems to self-
organize, coordinate, and communicate effectively on fundamental
distributed computing problems, such as graph coloring, leader
election, consensus [22]. Finally, Agashe et al. [1] evaluate LLM
agents in pure coordination games, finding that while they excel in
scenarios relying on environmental variables, they face challenges
when active consideration of partners’ beliefs and intentions (akin
to local constraints and their implications) is required.

3 MOTIVATING APPLICATIONS
As a motivating example, consider a multi-agent travel logistics
problem in which researchers planning conference attendance are
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Figure 1: Illustration of our motivating travel logistics plan-
ning and coordination problem as a hierarchical problem.

each represented by an agent. High-level coordination is needed
to satisfy interdependent preferences (e.g., carpooling to reduce
costs or synchronizing arrival times for workshops) naturally giv-
ing rise to distributed coordination among agents with overlapping
constraints (see Figure 1). Within each researcher’s planning pro-
cess lies another lower level of multi-agent coordination among
specialized task agents – one handling flight bookings, another
managing accommodations, and so on. These agents must coordi-
nate locally to ensure consistency (e.g., flight and hotel dates match).
This example represents a broader class of hierarchical multi-agent
coordination problems, where high-level agents (individuals) solve
their shared problem in a decentralized manner, preserving privacy
over preferences and constraints, while lower-level agents (task
agents) cooperate centrally within each individual’s domain.

Hierarchical multi-agent coordination arises in many domains.
In smart-grid management, high-level agents (households or micro-
grids) negotiate consumption and pricing while preserving privacy,
and lower-level agents control appliances, batteries and renewables
to respect grid limits. In supply-chain logistics, firms coordinate
delivery deadlines, inventory costs and carrier capacities, while
internal agents handle order processing, warehousing and rout-
ing. Autonomous-vehicle fleets and collaborative manufacturing
cells similarly negotiate routes, loads or service levels at the top
level and rely on internal agents for routing, charging reservations,
task assignment and quality control. Disaster-response, healthcare
scheduling, and space-mission planning follow the same pattern:
Agencies negotiate resource allocation, evacuation routes or launch
windows without exposing sensitive data, while internal agents
synchronize rescue schedules, appointments or trajectory designs.
Multi-robot exploration and urban mobility-as-a-service also fit,
with high-level negotiation of traffic, charging infrastructure or
congestion pricing and local agents managing navigation, power
management or bike-share redistribution.

This hierarchical mix of decentralized negotiation and central-
ized sub-task coordination preserves privacy, handles overlapping
constraints and scales to complex real-world problems.



4 POTENTIAL SYNERGIES
Given this class of hierarchical multi-agent coordination problems,
we discuss several potential synergistic research directions for inte-
grating DCR models and algorithms with Agentic LLM capabilities.

4.1 LLMs for DCR

LLMs for Translating Natural Language into DCR Specifica-
tions. Translating natural language into formal symbolic represen-
tations (e.g., first-order logic, logic programs, and planning domains)
is an active research area in neurosymbolic AI [24, 37, 41, 49, 57].
Despite encouraging results, the process remains challenging. A
key difficulty lies in selecting suitable intermediate formalisms
bridging natural and symbolic representations [2]. LLMs often pro-
duce syntactically valid but semantically inconsistent logical forms
(e.g., misusing quantifiers, variable bindings, or scopes) and suf-
fer from limited generalization due to a lack of diverse training
data [26]. Approaches such as symbolic validation and human-in-
the-loop correction have been explored to refine generated spec-
ifications [39]. Relatively little work has focused on translating
natural language into DCR specifications [32].
Research Direction 1. Extending existing neurosymbolic frame-
works, such as Logic-LM [39], which supports translation into CSP
and SAT formulations, offers a promising direction. Similar constraint-
based approaches [24, 41] could be adapted for DCR, especially since
symbolic validators already exist for constraint systems, enabling
automatic verification and iterative correction of generated models.

LLMs for User Preference Elicitation and Learning. Beyond
translating given specifications, an important challenge is elicit-
ing those specifications: Identifying user constraints and utilities
through interaction. Recent work explores LLMs as interactive elici-
tors that infer user preferences via natural dialogue; e.g., GATE [29]
enables LLMs to pose open-ended or hypothetical queries to un-
cover nuanced, implicit preferences, while MEDIQ [30] demon-
strates adaptive questioning in medical decision-making, where
the model requests missing information before committing to an
answer. This capability aligns closely with Incomplete DCOPs (I-
DCOPs) [54], in which some constraint utilities are unknown and
must be elicited during problem solving. Prior work has developed
strategies to minimize the number of queries while maintaining
solution quality [48, 67].
Research Direction 2. Integrating LLMs as the conversational in-
terface for generating those targeted queries could yield practical,
human-interactive DCR systems. Also, rather than eliciting all pref-
erences from scratch, LLMs can learn and refine user models over
time using methods such as reinforcement learning from human feed-
back [9], preference fine-tuning [63], and continual adaptation [62].

LLMs for Inter-Agent Communication and Information Shar-
ing. While the previous directions use LLMs for DCR specification
and symbolic solvers for optimization, a complementary direction is
to embed LLMs within the reasoning and communication processes.
Research Direction 3. A DCR agent’s functionality can be divided
into two modules: (1) A symbolic optimization module that performs
local computations, and (2) an LLM-based communication module
that determines what information to request or share with other agents.

This leverages LLMs’ strengths in language-driven reasoning and
negotiation while preserving symbolic rigor for optimization.

Consider MGM [31], where agents iteratively exchange variable
assignments and local utility gains until convergence. Here, the com-
putation of local gains belongs to the symbolic optimization module,
while decisions about which neighbors to query or inform could
be handled by the LLM-based communication module. Although
gains for simple algorithms like MGM may be limited, more com-
plex methods, such as region-optimal approaches [28], may benefit
from LLMs’ flexibility in dynamically forming regions, proposing
coordination heuristics, or adapting communication strategies in
heterogeneous, human-in-the-loop environments.

LLMs for Intra-Agent Optimization and Reasoning. Finally,
this last research direction is the most ambitious of all.
Research Direction 4. Instead of using a symbolic module to per-
form the reasoning process in optimization module above, one can use
LLMs instead. For example, many DCR algorithms rely on variable-
and value-ordering heuristics that determine the order in which agents
evaluate their different variables and values for the solution [17]. LLMs
may offer an alternative ordering heuristic that is more tailored to the
specific domain and exploits known domain characteristics or biases.

Instead of using LLMs as subroutines within an optimization
module, an alternative is to task an LLM agent with solving the en-
tire optimization problem. Recent work shows that such LLM-based
approaches can outperform stochastic DCR algorithms on some
benchmarks [32], and that LLM agents benefit from structured sym-
bolic guidance derived from established DCR algorithms [43]. This
approach may be more practical in real-world applications, where
LLMs can exploit implicitly encoded commonsense knowledge, and
can be further improved through fine-tuning on domain-specific
training data.

4.2 DCR for Agentic LLMs

DCR for Coordination and Collaboration in Agentic LLMs.
When multiple LLM agents are used, coordinating their actions
and ensuring they work towards a common, consistent goal without
conflicts is challenging. Without explicit coordination mechanisms,
they might engage in redundant work or generate conflicting out-
puts. DCR provides formal models for multi-agent coordination
and decentralized decision-making. Each LLM could represent an
agent responsible for a subset of variables or constraints. DCR
algorithms can then guide their interactions, ensuring that their
individual assignments or decisions are globally consistent or con-
tribute to a global optimum. This formalizes the communication
and negotiation protocols among LLM agents.

DCR is equipped to handle complex problems that necessitate co-
ordination schemes extending beyond simple pairwise interactions,
often to achieve a global optimum. For example, some DCR prob-
lems involve higher arity constraints, which demand coordinated
decision-making among more than two agents to reach an optimal
solution. The recent efforts to study the multi-agent problem solv-
ing capacity of Agentic LLMs [1, 22] fall within the region-optimal
family of approaches [28, 40, 50]. Region-optimal algorithms con-
stitute a class of incomplete (local search) DCOP algorithms that
provide solutions with quality guarantees relative to the global



optimum. Instead of aiming for a costly global optimum, these
methods focus on identifying solutions that are optimal within
specific “regions” or “neighborhoods” of agents. Specifically, the
aforementioned efforts often correspond to the 1-optimal algorithm
family, where solutions align with Nash equilibria [6].

Orthogonally, there is work on decomposing high-arity con-
straints to binary constraints [20], which Agentic LLMs can easily
adapt in their frameworks. A classical example is the all-different
constraint, which imposes all variables to take on different val-
ues, can be decomposed into pairwise binary not-equal constraints
between all variables. Additionally, DCR researchers have also pro-
posed methods to decompose a problem into subproblems, for ex-
ample, which agent should be responsible for which variables in
order to minimize coordination overhead or to speed up the overall
resolution process [5, 18, 27]. These methods can also be adapted
for Agentic LLM systems to determine how subproblems should
be scoped out and solved by an individual LLM agent such that,
collectively, they solve the overall problem.
Research Direction 5. Future research should focus on (i) studying
the ability of Agentic LLMs to effectively leverage and adapt to richer
coordination schemes in DCR, moving beyond 1-optimal solutions to
achieve more general region-optimal outcomes, and (ii) exploring the
definition and implementation of advanced coordination schemes for
Agentic LLMs that are capable of reaching global optima or providing
provable guarantees on solution quality.

DCR for Consistent and Structured Reasoning in Multi-Step
Problem Solving. While LLMs show impressive chain-of-thought
capabilities [52], their reasoning is often heuristic, implicit, and
can break down on complex, multi-step problems requiring precise
logical deduction or combinatorial search. They might struggle
with complex interdependencies. DCR excels at breaking down
complex problems into smaller, manageable subproblems, where
agents (or LLMs acting as agents) work cooperatively to find a
globally consistent or optimal solution. The explicit definition of
variables, domains, and constraints in DCR provides a structured
backbone for the LLM’s reasoning process. The LLM can then focus
on generating plausible values or identifying relevant constraints,
with the DCR framework ensuring the overall logical coherence
and completeness. DCR would enable Agentic LLMs to tackle prob-
lems that require formal, systematic, and exhaustive search, which
is beyond their native capabilities, by embedding them within a
rigorous reasoning framework.
ResearchDirection 6. While tree-of-thoughtmethods can enhance
reasoning in complex question-answering tasks [58], a promising
avenue is to leverage classical DCR coordination protocols as the
underlying structure for a more sophisticated network-of-thoughts.
In this paradigm, the graphical models that form the basis of most
DCR solution methods (e.g., pseudo-trees, factor graphs) could serve
as the network’s organizational structure [17].

DCR for Agentic LLM Resource Management and Optimiza-
tion. LLMs themselves consume significant computational re-
sources (inference cost, memory). In distributed scenarios, opti-
mizing resource allocation among multiple LLM instances or other
computational agents is critical. Wilkins et al. [53] provides a foun-
dational understanding for sustainable LLM deployment and offers

insights for designing energy-efficient AI infrastructure in the fu-
ture. It highlights the importance of considering workload charac-
teristics and system configurations for accurate energy estimation
and effective optimization. DCOPs are well suited for distributed
resource allocation and optimization where agents have limited
local knowledge and must coordinate to optimize a global objective.
Research Direction 7. LLMs could use DCOP principles to decide
how to allocate computational budget, which knowledge sources to re-
trieve from, or which sub-tasks to take on, based on explicit constraints,
as proposed by Rust et al. [46] in the context of the Internet-of-Things.
This would lead to more efficient and cost-effective deployment of
LLMs, especially in large-scale or real-time distributed applications.

DCR for Communication-Sensitive Agentic LLMs. Like early
work in DCR, existing Agentic LLM frameworks typically make
naive assumptions on the communication between agents (e.g., they
typically do not model communication costs and assume that com-
munication is perfect). Recent work on communication-aware DCR
has found that the performance and properties of popular DCR
algorithms can vary significantly in the presence of communication
latency and message loss [44, 66].
Research Direction 8. Communication-aware DCR frameworks
and designated algorithms can be used to inform the design of Agentic
LLM systems to operate more robustly in communication-sensitive
applications.

5 CONCLUSIONS
DCR and Agentic LLMs represent complementary paradigms for
multi-agent intelligence. DCR offers mathematically grounded
frameworks for coordination, optimization, and decision-making,
while Agentic LLMs provide powerful capabilities for natural lan-
guage understanding, flexible reasoning, and human interaction.
We argued that the time is ripe to bring these traditions together.
Accordingly, we outlined several synergistic directions: Using LLMs
to translate human intent into DCR specifications, to elicit and re-
fine user preferences, and to support inter-agent communication;
and, conversely, using DCR algorithms to provide Agentic LLMs
with principled methods for coordination, structured reasoning,
resource allocation, and communication-sensitive operation.

Taken together, these research threads highlight the potential for
hybrid systems that combine the adaptability and expressiveness
of LLMs with the rigor and guarantees of DCR. Beyond technical
synergies, this integration addresses long-standing challenges in
both communities: Grounding DCR models in real-world human
input and augmenting LLM-based agents with formal mechanisms
for consistency, efficiency, and scalability.

We therefore issue a call to the research community: To sys-
tematically investigate these intersections, to develop benchmarks
and evaluation methodologies that capture both symbolic rigor
and language-based adaptability, and to design architectures that
are not only technically powerful but also explainable, robust, and
aligned with human needs. By jointly advancing DCR and Agentic
LLM research, we can lay the foundation for the next generation
of multi-agent systems that is capable of operating in complex,
distributed, and human-centric environments.
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