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ABSTRACT
Multi-agent systems powered by large language models exhibit
strong capabilities in collaborative problem-solving. However, these
systems suffer from substantial knowledge redundancy. Agents du-
plicate efforts in retrieval and reasoning processes. This inefficiency
stems from a deeper issue: current architectures lack mechanisms
to ensure agents share minimal sufficient information at each op-
erational stage. Empirical analysis reveals an average knowledge
duplication rate of 47.3% across agent communications. We pro-
pose D3MAS (Decompose, Deduce, and Distribute), a hierarchical
coordination framework addressing redundancy through structural
design rather than explicit optimization. The framework organizes
collaboration across three coordinated layers. Task decomposition
filters irrelevant sub-problems early. Collaborative reasoning cap-
tures complementary inference paths across agents. Distributed
memory provides access to non-redundant knowledge. These layers
coordinate through structured message passing in a unified het-
erogeneous graph. This cross-layer alignment ensures information
remains aligned with actual task needs. Experiments on four chal-
lenging datasets show that D3MAS consistently improves reasoning
accuracy by 8.7% to 15.6% and reduces knowledge redundancy by
46% on average.
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1 INTRODUCTION
Large language models (LLMs) have transformed artificial intelli-
gence by integrating vast knowledge into coherent understanding
and generation[20, 34]. These advancements are driven by scaling
models, datasets, and computational resources[20, 27], leading to
notable performance gains[35, 51]. However, LLMs face difficulties
in reasoning, particularly for complex tasks that go beyond textual
comprehension alone[36, 44]. To address these limitations, recent
efforts have equipped LLMs with external tools[32, 36], memory
systems[18, 29], and planning capabilities[47, 59], allowing them to
function as autonomous agents[41]. Multi-agent systems emerge
naturally from this approach[6], enabling multiple agents to col-
laboratively tackle intricate tasks in shared environments through
joint reasoning. By combining the expertise of diverse agents, such
systems enable iterative problem-solving and more refined decision-
making. The effectiveness of such collaboration hinges on how
information flows among agents.

To enable effective information flow, researchers have proposed
diverse strategies. Interaction-driven methods[3, 10] guide struc-
tured discussions, helping agents refine their ideas through mu-
tual critique and collaborative iteration[23]. Conversation-based
frameworks[16] adaptively decompose complex tasks into manage-
able parts through ongoing dialogues, enabling agents to tackle
problems incrementally[56]. Role assignment strategies[16, 48]
improve efficiency by distributing focused responsibilities, allow-
ing agents to specialize in specific aspects of a task[31]. Messag-
ing frameworks[12, 53] facilitate direct information exchange dur-
ing collaboration, while shared knowledge pools[13] provide a
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Figure 1: Redundancy Breakdown by Coordination Method.
We measure three types of redundancy across coordination
methods. Memory redundancy represents the percentage of
knowledge items retrieved by multiple agents. Reasoning
redundancy quantifies semantically similar inference steps
with cosine similarity exceeding 0.85. Task redundancy cap-
tures the percentage of overlapping sub-task assignments
among agents. Stacked bars display total redundancy rate on
the left vertical axis. Separate bars indicate computational
efficiency gains relative to MetaGPT baseline on the right
vertical axis. D3MAS reduces redundancy by 46% on average
through cross-layer coordination. Results are averaged over
HotpotQA and MMLU datasets with 4 to 8 agents per query.

centralized resource to address information gaps among agents.
Memory-augmented systems[29, 64] support reasoning by orga-
nizing collaborative histories and maintaining continuity across
interactions[28]. Despite their contributions, these approaches of-
ten lead to inefficiencies[10, 33]. Agents frequently overlap in
knowledge retrieval, duplicate reasoning, and misalign task divi-
sions, leading to wasted resources and weaker collaboration[22, 43].
Balancing redundancy reduction with maintaining shared knowl-
edge depth is essential for enhancing accuracy and efficiency[2, 63].

The inefficiencies in existing multi-agent systems originate from
their fragmented design, where task coordination, reasoning ex-
ecution, and memory retrieval are treated as independent com-
ponents. This separation disrupts the synchronization of actions
across problem-solving stages, as decisions made by one layer often
lack context from the others. Viewed through the lens of informa-
tion theory, this fragmentation disrupts the efficient and purposeful
flow of knowledge required for collaboration. Effective collabora-
tion requires ensuring that the information exchanged between
agents and across layers remains minimal yet sufficient to achieve
the task objectives. When operational layers function in isolation,
task decomposition generates sub-problems without considering
the reasoning context needed to solve them. Similarly, reasoning
processes frequently revisit redundant inference paths due to a lack
of visibility into task dependencies. Memory retrieval further exac-
erbates these inefficiencies by returning overlapping or irrelevant
knowledge, as it lacks alignment with active reasoning require-
ments. Without mechanisms to systematically filter and align infor-
mation, fragmented designs lead to duplication and misaligned op-
erations, compounding inefficiencies throughout the system. These
issues highlight the need for a unified framework that optimizes

information flow between components, reducing redundancy while
preserving coordination across all stages of collaborative reasoning.

The core challenge in overcoming these inefficiencies lies in
achieving integration across task planning, reasoning, and memory
retrieval. Effective multi-agent collaboration requires a systematic
approach to align these layers so that information processing at
one stage is informed by and supports the needs of others. From
an information-theoretic perspective, this integration must aim to
jointly optimize information utility and redundancy, ensuring that
each layer exchanges only the essential knowledge necessary for
task completion. Task planning should produce sub-problems that
are context-aware and aligned with reasoning objectives. Reasoning
processes must prioritize inference paths that avoid duplication
while leveraging dependencies from task context. Memory retrieval
should focus on filling knowledge gaps directly relevant to active
problem-solving rather than returning overlapping or unrelated
results. Existing architectures, which often treat these layers as
disconnected modules, fail to establish such alignment, resulting in
recurring inefficiencies. A unified framework that systematically
connects these processes can reduce redundancy, promote efficient
information flow, and enable agents to synchronize actions under
complex and asynchronous conditions.

To address these challenges, we introduce D3MAS, a hierarchi-
cal coordination framework that integrates previously fragmented
processes into a unified structure. The framework organizes agent
interactions through a heterogeneous graph comprising three coor-
dinated layers for task planning, reasoning execution, and memory
retrieval. The task layer decomposes complex queries into minimal
sub-problems aligned with reasoning objectives. The reasoning
layer prioritizes complementary inference paths across agents to
eliminate redundant operations. The memory layer provides access
to task-relevant knowledge while filtering overlapping retrievals.
These layers coordinate through structured message passing, en-
abling bidirectional information flow where task requirements
guide reasoning and memory access while reasoning feedback re-
fines task decomposition. This cross-layer alignment systemati-
cally reduces redundancy and ensures agents operate on informa-
tion tailored to actual task needs. Instead of explicitly optimizing
information-theoretic objectives, D3MAS realizes minimal sufficient
information sharing through structural design. Our contributions
are summarized as follows:

• We identify a critical limitation in existing multi-agent sys-
tems caused by the lack of hierarchical coordination, which
leads to severe knowledge redundancy in agent communica-
tions. Our analysis demonstrates a duplication rate of 47.3%,
highlighting the urgent need for effective solutions.

• We propose D3MAS, a novel unified framework for multi-
agent collaboration based on a heterogeneous graph archi-
tecture with explicit dependency modeling. This design sig-
nificantly reduces redundancy while maintaining agent au-
tonomy, enabling efficient reasoning across various tasks
and domains.

• Extensive experiments on challenging benchmarks, includ-
ingHumanEval andMMLU, demonstrate consistent improve-
ments with D3MAS. Compared to state-of-the-art baselines,
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it achieves 8.7%-15.6% higher accuracywhile reducing knowl-
edge redundancy by 46% on average and lowering computa-
tional overheads.

2 RELATEDWORK
2.1 LLM-Agent Collaboration
LLMs have shown impressive capabilities but still face inherent
limitations[25, 44], motivating the development of autonomous
agents equipped with context-aware memory[29, 64], tool usage[32,
36], procedural planning[47, 58], and role-playing abilities[37] that
transform LLMs into versatile problem solvers[46, 55]. Multi-agent
collaboration has emerged as a powerful paradigm that combines
specialized agent strengths[6], it often outperforming individual
models[10, 22]. In software engineering, hierarchical debugging sys-
tematically resolves code errors at multiple granularity levels[39],
competitive debate mechanisms enable diverse reasoning through
structured interactions[21], experience-driven approaches distill
knowledge fromhistorical trajectories[5], and repository-level frame-
works navigate dependencies through graph-based coordination[30].
These capabilities are further supported by research on machine-
generated code patterns[40], long-context compression[11, 38, 60],
reinforcement learning-based reasoning[26], and cross-language
translation[45]. While majority voting represents a basic collab-
oration form where agents operate independently[7, 49], more
effective systems establish interconnected structures that foster
interdependent interactions[2, 16]. Recent research explores var-
ious communication topologies[43, 62]: chain topologies arrange
agents sequentially[53], star architectures employ a central agent
to manage subordinates[3], tree structures enable the hierarchical
management[9], and graph-based approaches offer flexible interac-
tion patterns[61]. These systems find applications across diverse
domains including software development, medical diagnosis, and
scientific research[12].

2.2 Multi-Agents as Graphs
Graphs are an essential data structure for representing relation-
ships between entities[1, 14]. Before the era of LLMs, graph-based
approaches already played a key role in multi-agent reinforcement
learning by modeling interactions in a structured way[19, 42]. With
the rise of LLM-based agents, researchers recognize that agent in-
teractions can be naturally represented using graphs, evolving from
implicit usage to explicit graph-structured definitions[54]. How-
ever, existing approaches rely on predefined or statically optimized
topologies that lack task awareness. Practical applications reveal the
importance of task-aware graph construction: repository-level code
understanding benefits from dependency-aware coordination[30],
issue resolution frameworks leverage fault propagation graphs
for diagnosis[21], hierarchical debugging employs code structure
decomposition[39], and experience-driven systems build knowl-
edge from repair patterns[5]. Effective multi-agent systems re-
quire hierarchical organization where different coordination pat-
terns correspond to different operational levels, and knowledge
sharing must consider both information structure and contextual
requirements[13]. The key challenge is creating frameworks that
dynamically organize agent interactions based on task needs while
maintaining coherent reasoning across distributed agents[33]. Our

work addresses this by introducing a heterogeneous graph architec-
ture that explicitly models three operational layers, allowing agents
to adaptively adjust information flow based on evolving reasoning
requirements.

3 PRELIMINARY
3.1 Multi-Agent Reasoning Systems
Multi-agent reasoning systems rely on collaboration among au-
tonomous agents to solve complex problems that exceed individual
capabilities. We formalize such a system as S = {𝐴1, 𝐴2, . . . , 𝐴𝑛},
where each agent 𝐴𝑖 operates with its own reasoning process and
knowledge base K𝑖 . Given a complex query 𝑞, the system produces
a comprehensive answer 𝑎 through collaborative reasoning. Each
agent generates partial reasoning chains 𝑟𝑖 toward solving 𝑞. The
collective output emerges from aggregating these individual contri-
butions. Traditional approaches treat agent interactions as isolated
message exchanges. Agent 𝐴𝑖 sends messages 𝑚𝑖→𝑗 to agent 𝐴 𝑗

through natural language texts containing task descriptions, rea-
soning steps, or factual knowledge. However, this unstructured
communication suffers from a fundamental limitation: without co-
ordination mechanisms, agents cannot determine what information
others need or already possess. This leads to two critical problems.
First, agents may retrieve the same knowledge independently, wast-
ing computational resources. Second, agents may pursue redundant
reasoning paths without recognizing overlaps in their inference
processes.

3.2 Heterogeneous Graph Representation
Heterogeneous graphs provide a natural solution to these coordi-
nation challenges. Unlike homogeneous graphs where all nodes
and edges share the same type, heterogeneous graphs can explicitly
model different entity types and their relationships. This makes
them well-suited for representing multi-agent systems where tasks,
reasoning steps, and knowledge pieces play distinct roles. Formally,
we define a typed heterogeneous graph as G = (V, E,T𝑣,T𝑒 , 𝜙,𝜓 ).
HereV and E denote the node and edge sets. The mapping func-
tions 𝜙 : V → T𝑣 and 𝜓 : E → T𝑒 assign each node and edge
to specific types from sets T𝑣 and T𝑒 . Each node 𝑣 ∈ V carries
semantic content 𝑐𝑣 and an embedding ℎ𝑣 ∈ R𝑑 . Edges (𝑢, 𝑣) ∈ E
encode dependencies or information flow between nodes.

Information propagates through heterogeneous graphs via type-
aware message passing. Different node types aggregate messages
differently based on their semantic roles:

ℎ
(𝑙+1)
𝑣 = 𝜎

©­«
∑︁
𝜏∈T𝑣

∑︁
𝑢∈N𝜏 (𝑣)

𝛼𝜏𝑊𝜏ℎ
(𝑙 )
𝑢

ª®¬ , (1)

where ℎ (𝑙+1)
𝑣 represents the updated embedding at layer 𝑙 + 1. The

neighbors N𝜏 (𝑣) are those of type 𝜏 connected to node 𝑣 . Type-
specific weights𝑊𝜏 transform neighbor embeddings ℎ (𝑙 )

𝑢 , while
𝛼𝜏 controls each type’s contribution. The activation function 𝜎

introduces non-linearity. This formulation naturally extends to
multi-agent scenarios where different operational levels correspond
to different node types.
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Figure 2: D3MAS hierarchical framework structures multi-agent reasoning through Decompose (blue), Deduce (green), and
Distribute (purple) layers. The Decompose layer builds task dependency graphs like p4→p5 to avoid sub-problem overlap in
chain-based systems. The Deduce layer uses dependency edges to enable reasoning reuse. Agent B directly reads Agent A’s
conclusions through the pink arrow, avoiding redundant inference. The Distribute layer assigns knowledge nodes to specific
agents. Agent A is responsible for m1 and m2, Agent B for m4 and m5, and m3 is shared between both. This design reduces knowledge
redundancy by 46% through hierarchical message passing and significantly improves efficiency compared to chain-based and
existing graph methods.

4 METHODOLOGY
4.1 Framework Overview
Our framework, D3MAS, realizes the principle of minimal suffi-
cient information sharing through hierarchical coordination. The
core idea is that proper system organization can implicitly enforce
information optimality without explicit bottleneck optimization.

D3MAS constructs a unified heterogeneous graph GD3MAS to or-
ganize multi-agent collaboration. The graph contains three node
types, each addressing information redundancy at a different op-
erational level. Task decomposition nodes (Ttask) implement the
Decompose principle. They break complex queries into minimal
necessary sub-problems, filtering out irrelevant task branches early.
Reasoning nodes (Treason) embody the Deduce principle. They cap-
ture complementary inference paths across agents, avoiding re-
dundant reasoning chains. Memory nodes (Tmemory) realize the
Distribute principle. They organize access to sufficient yet non-
redundant knowledge across distributed memory. The node type
set isT𝑣 = {Ttask,Treason,Tmemory}. Six edge types model information
flow across and within layers:

T𝑒 = {𝑒decompose, 𝑒trigger, 𝑒depend, 𝑒retrieve, 𝑒ground, 𝑒relate} (2)

Each edge type encodes a specific interaction pattern. The frame-
work processes queries through iterative message passing. This

updates node representations and propagates information bidirec-
tionally across the hierarchy. The design enables agents to coordi-
nate naturally through the shared graph structure, eliminating the
need for explicit communication protocols.

4.2 Decompose: Task Decomposition Layer
The task decomposition layer addresses a fundamental source of
redundancy: uncoordinated task splitting. When agents indepen-
dently break down problems, they often generate overlapping sub-
tasks. Our approach makes decomposition structure explicit, allow-
ing agents to see the global task hierarchy.

This layer constructs a graph G (0) = (V (0) , E (0) ) where nodes
represent sub-problems derived from the original query 𝑞. We ini-
tialize with a root task node 𝑣root that encodes the complete query
via embedding function 𝑓embed : Text → R𝑑 .

The decomposition process generates child task nodes recur-
sively. A large language model LLMdecomp identifies natural sub-
problems. Each generated sub-task 𝑡 𝑗 creates a new node 𝑣 (0)

𝑗
with

semantic content 𝑐𝑣𝑗 = 𝑡 𝑗 and embedding ℎ𝑣𝑗 = 𝑓embed (𝑡 𝑗 ). Decom-
position edges 𝑒decompose connect parent tasks to their sub-tasks,
forming a directed tree that captures problem hierarchy.

The complete task node set is:

V (0) = {𝑣root} ∪
𝑚⋃
𝑗=1

{𝑣 (0)
𝑗

| 𝑣 (0)
𝑗

= Create(𝑡 𝑗 ), (3)

𝑡 𝑗 ∈ LLMdecomp (𝑣parent)}, (4)
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where Create(𝑡 𝑗 ) instantiates a task node with content 𝑡 𝑗 . Any
existing task node 𝑣parent eligible for further decomposition can
spawn children. The parameter𝑚 represents the total number of
generated sub-tasks. Decomposition continues recursively until
reaching atomic sub-problems that individual agents can address
directly.

Once decomposition completes, we assign sub-tasks to agents.
The assignment maximizes the match between agent expertise and
task requirements:

Assign(𝑣 (0)
𝑗

) = arg max
𝐴𝑖 ∈S

Capability(𝐴𝑖 , 𝑣
(0)
𝑗

), (5)

where Capability(𝐴𝑖 , 𝑣
(0)
𝑗

) computes semantic similarity between
agent 𝐴𝑖 ’s profile and task 𝑣 (0)

𝑗
’s requirements.

This explicit tree structure serves an important information-
theoretic purpose. By organizing sub-tasks hierarchically, agents
gain visibility into the global problem structure. Each agent can
identify which sub-problems others are handling. This naturally re-
duces redundancy from uncoordinated task splitting. Agents avoid
duplicating efforts because the decomposition structure makes task
assignments transparent.

4.3 Deduce: Collaborative Reasoning Layer
The reasoning layer addresses redundancy in inference processes.
When agents reason independently, they often pursue overlapping
logical paths. Our approach makes reasoning dependencies explicit,
enabling agents to recognize and build upon others’ conclusions.

This layer maintains a graph G (1) = (V (1) , E (1) ) where nodes
represent inference steps from different agents. Each agent 𝐴𝑖 re-
ceives task assignments from Layer 0 through trigger edges 𝑒trigger.
Upon receiving task 𝑣 (0)

𝑘
, agent 𝐴𝑖 generates a reasoning node cap-

turing its inference process:

𝑣
(1)
𝑖,𝑘

= LLM𝐴𝑖
(Concat(𝑐

𝑣
(0)
𝑘

, C𝐴𝑖
)), (6)

where LLM𝐴𝑖
denotes agent 𝐴𝑖 ’s language model. The input com-

bines task content 𝑐
𝑣
(0)
𝑘

with agent-specific context C𝐴𝑖
, which in-

cludes relevant memory and prior reasoning. The reasoning content
encompasses intermediate conclusions and logical justifications.

The key to reducing reasoning redundancy lies in dependency
edges. These connect reasoning nodes when one inference step
builds upon another’s conclusions:

Edepend = {(𝑣 (1)
𝑖,𝑘

, 𝑣
(1)
𝑗,𝑙

) | Premise(𝑣 (1)
𝑖,𝑘

) ∩ Conclusion(𝑣 (1)
𝑗,𝑙

) ≠ ∅},
(7)

where Premise(·) extracts logical preconditions and Conclusion(·)
identifies derived statements. Nodes 𝑣 (1)

𝑖,𝑘
and 𝑣 (1)

𝑗,𝑙
may come from

different agents.
Additional edge types connect reasoning to other layers. Re-

trieval edges 𝑒retrieve link reasoning nodes to memory nodes when
agents need factual knowledge. Grounding edges 𝑒ground establish
bidirectional connections between reasoning and the memory sup-
porting it.

This design creates a reasoning graph spanning multiple agents
while maintaining logical coherence. By making dependencies ex-
plicit through Edepend, agents recognize when their reasoning builds
on others’ work. This enables them to contribute complementary

inferences rather than redundant ones. The structural coordination
implicitly enforces information efficiency: agents focus on reason-
ing steps that add new logical content to the collective inference
process.

4.4 Distribute: Distributed Memory Layer
The memory layer addresses redundancy in knowledge retrieval.
When agents independently query knowledge bases, they often re-
trieve overlapping information. Our approach coordinates retrieval
across agents, ensuring each accesses only what others have not
already obtained. This layer organizes factual knowledge in graph
G (2) = (V (2) , E (2) ) where nodes represent entities and concepts.
Each agent 𝐴𝑖 maintains a local memory subgraph G (2)

𝑖
⊂ G (2)

containing domain-relevant knowledge. Memory nodes 𝑣 (2)
𝑙

store
entity descriptions and factual statements. Semantic relation edges
𝑒relate connect related concepts within and across agent boundaries.

When agent 𝐴𝑖 requires knowledge, it issues a query 𝑞mem de-
rived from its current reasoning context. The retrieval mechanism
scores memory nodes by computing similarity:

Score(𝑣 (2)
𝑙

, 𝑞mem) =
ℎ𝑣𝑙 · 𝑓embed (𝑞mem)

∥ℎ𝑣𝑙 ∥ · ∥ 𝑓embed (𝑞mem)∥
, (8)

where ℎ𝑣𝑙 denotes the memory node’s embedding. Higher scores
indicate stronger relevance to the current reasoning context.

To implement distributed retrieval, we aggregate top-𝑘 nodes
from all agent memory spaces:

Mretrieve = Top-𝑘
(

𝑛⋃
𝑖=1

{𝑣 ∈ G (2)
𝑖

| Score(𝑣, 𝑞mem) > 𝜃 }
)
, (9)

where 𝜃 is a relevance threshold. Cross-agent knowledge sharing
occurs when agent 𝐴𝑖 retrieves memory nodes from agent 𝐴 𝑗 ’s
local subgraph. The framework tracks knowledge provenance by
recording which agent originally contributed each memory node.

This design prevents redundant retrieval while enabling agents
to identify complementary knowledge. From an information flow
perspective, the retrieval mechanism acts as a natural filter. By
scoring relevance and selecting top-𝑘 nodes, agents access min-
imal sufficient memory—knowledge necessary for their current
reasoning context without introducing superfluous information
that would increase redundancy.

4.5 Hierarchical Message Passing
The hierarchical message passing mechanism ties the three layers
together. It coordinates information flow to ensure that each layer’s
processing aligns with others’ requirements. This cross-layer align-
ment is the key to reducing overall system redundancy.

At each iteration 𝑡 , nodes update their representations by ag-
gregating typed messages from neighbors. The update function
depends on both node type and incoming edge types. Task nodes
𝑣 (0) ∈ V (0) aggregate progress signals from triggered reasoning
nodes through 𝑒trigger edges. Reasoning nodes 𝑣 (1) ∈ V (1) combine
task guidance from Layer 0, dependency information from peer
reasoning nodes, and factual support from Layer 2 memory nodes.
Memory nodes 𝑣 (2) ∈ V (2) refine embeddings based on usage
patterns from reasoning nodes that retrieve them.
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The update process follows:

ℎ
(𝑡+1)
𝑣 = UPDATE(𝜙 (𝑣) ) ©­«ℎ (𝑡 )

𝑣 ,
⊕

𝑢∈N(𝑣)
MSG(𝜓 (𝑢,𝑣) ) (ℎ (𝑡 )

𝑢 )ª®¬ , (10)

where ℎ
(𝑡+1)
𝑣 denotes the updated embedding at iteration 𝑡 + 1.

The function UPDATE(𝜙 (𝑣) ) is type-specific, determined by node
type 𝜙 (𝑣). The message function MSG(𝜓 (𝑢,𝑣) ) depends on edge
type𝜓 (𝑢, 𝑣) connecting nodes 𝑢 and 𝑣 . The aggregation operator⊕

combines messages through summation or attention-weighted
averaging based on edge semantics.

Message passing alternates between bottom-up and top-down
phases. Bottom-up messages flow from memory through reasoning
to tasks. They carry evidence and intermediate conclusions. Top-
down messages flow from tasks through reasoning to memory.
They carry refined requirements and focus adjustments.

This bidirectional flow enables continuous alignment. Reasoning
needs reshape task decomposition and memory access patterns
simultaneously. The key to reducing redundancy lies in this cross-
layer coordination: when reasoning nodes signal their information
needs to memory nodes (bottom-up), and task nodes propagate con-
straints to reasoning nodes (top-down), the system achieves implicit
information optimization. Each layer’s processing is informed by
others’ requirements, ensuring that information flowing through
the graph aligns with actual task needs rather than containing
arbitrary redundancies.

5 EXPERIMENTS
5.1 Datasets
We evaluate our framework on diverse publicly available bench-
marks that challenge various reasoning capabilities.MMLU [15]
(Massive Multitask Language Understanding) assesses logical rea-
soning across 57 subjects spanning STEM, humanities, and social
sciences through multiple-choice questions requiring extensive
world knowledge and problem-solving ability. HumanEval [4]
tests code generation capabilities through 164 hand-crafted pro-
gramming problems that measure functional correctness in syn-
thesizing programs from docstrings. CommonGen [24] examines
commonsense reasoning through constrained text generation, re-
quiring models to produce coherent sentences from given con-
cept sets. ARC-Challenge [8] (AI2 Reasoning Challenge) contains
grade-school science questions that demand advanced reasoning
beyond simple retrieval. Together, these datasets provide compre-
hensive evaluation across factual retrieval, logical inference, code
synthesis, and compositional understanding.

5.2 Baselines
We compare our framework against diverse baseline methods span-
ning different reasoning paradigms.Chain-of-Thought (CoT) [52]
enables language models to generate intermediate reasoning steps
for coherent explanations. Self-Consistency with CoT (CoT-
SC) [50] samples multiple reasoning paths and selects answers
via majority voting. Reflexion [41] employs verbal reinforcement
learning for iterative self-refinement. AutoGPT uses multi-step
planning and tool-augmented reasoning with iterative feedback
loops.MetaGPT [16] simulates software development workflows

through specialized role assignment. AutoGen [53] provides con-
versational frameworks for flexible asynchronous multi-agent co-
ordination. MACNET [17] organizes agent interactions through
directed acyclic graphs for topologically designed reasoning. These
baselines highlight strategies including single-agent reasoning, tool-
augmented decomposition, role-based collaboration, debate-driven
consensus, and graph-oriented coordination.

5.3 Evaluation Metrics
To ensure multidimensional assessment, we employ accuracy-based
metrics and specialized evaluation dimensions from MAgIC [57].
Accuracy serves as the primary metric across all benchmarks, mea-
suring the percentage of correctly solved problems. For deeper
analysis, we adopt seven dimensions from MAgIC: Judge evaluates
decision-making quality in uncertain scenarios; Reason assesses
logical coherence and inference validity; Decept measures resis-
tance to misleading information; Self-Aware examines the ability
to recognize knowledge limitations; Compre (Comprehensiveness)
evaluates reasoning coverage and completeness; Coord (Coordina-
tion) measures collaborative effectiveness; and Rational assesses
utility maximization in decision-making. We employ GPT-4 as the
evaluator with carefully designed prompts for consistency and im-
partiality, scoring outputs from 1 to 10. Additionally, we conduct
pairwise comparisons calculating win rates for direct performance
comparison. This robust framework provides detailed understand-
ing of both answer quality and reasoning effectiveness.

5.4 Implementation Details
To ensure fairness, all models use GPT-4 as the language gener-
ator. Text embeddings for retrieval are computed using BGE-M3.
Task decomposition in Layer 0 employs GPT-4 to break down com-
plex queries into manageable sub-problems until they can be in-
dependently handled by agents. For reasoning, agents generate
inference steps using their assigned models with contextual in-
put from task definitions and retrieved memory. The memory layer
stores distributed domain-specific knowledge graphs, with retrieval
thresholds set to 0.65 and top-5 nodes selected for query responses.
Hierarchical message passing runs for a maximum of 10 iterations
or until convergence. Agent assignment relies on cosine similarity
between task embeddings and agent profiles, with agent counts
ranging from 4 to 8 based on task complexity. Experiments are per-
formed five times for each configuration, with average performance
and standard deviations reported. Hyperparameters include embed-
ding dimension 𝑑 = 512, message passing layers 𝐿 = 3, and tuned
attention coefficients. All model inferences utilize commercial APIs,
ensuring consistency across methods while demonstrating effective
hierarchical coordination in D3MAS.

5.5 Main Results
Table 1 shows D3MAS consistently outperforms all baselines across
four benchmarks with 8.7% to 15.6% improvements over MAC-
NET. D3MAS achieves 85.3% on MMLU versus 68.8%, 89.8% on
HumanEval versus 72.6%, 86.2% on SRDD versus 80.5%, and 76.8%
on CommonGen versus 68.9%. These gains over both single-agent
methods like CoT and multi-agent approaches including AutoGen
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Table 1: Accuracy (%) on benchmarks with Multi setting. Bold represents the best and Underlined represents the second best
performance for each benchmark and model. All benchmarks were evaluated with GPT-4 and Gemini-2.5-Pro.

Category Method Benchmarks Quality
MMLU HumanEval SRDD CommonGen

Single-agent

Zero-shot 39.5 ± 2.8 47.2 ± 3.4 69.1 ± 3.1 50.6 ± 3.3 53.8 ± 3.0
Few-shot 42.1 ± 3.0 51.3 ± 3.1 70.8 ± 2.7 54.7 ± 2.8 55.9 ± 2.6
+ CoT 37.4 ± 3.3 49.1 ± 3.9 67.6 ± 3.4 48.3 ± 3.5 51.7 ± 3.2

+ CoT-SC 44.6 ± 2.6 56.4 ± 2.8 72.2 ± 2.4 64.3 ± 2.7 57.5 ± 2.7
Reflexion 50.6 ± 2.6 60.1 ± 2.3 73.5 ± 2.1 63.4 ± 2.2 59.2 ± 2.3

Multi-agent
(Single-model)

Majority Voting 41.2 ± 2.9 49.7 ± 3.5 71.8 ± 3.2 52.3 ± 3.4 55.2 ± 3.1
Weighted Voting 43.7 ± 3.1 53.2 ± 3.2 73.5 ± 2.8 56.8 ± 2.9 57.8 ± 2.7
Borda Count 38.9 ± 3.4 47.3 ± 3.8 70.2 ± 3.5 50.1 ± 3.6 53.6 ± 3.3
MedAgents 46.3 ± 2.7 58.6 ± 2.9 74.9 ± 2.5 62.4 ± 2.6 59.7 ± 2.8

Meta-Prompting 48.9 ± 2.5 62.3 ± 2.4 76.3 ± 2.2 65.8 ± 2.3 61.4 ± 2.4
AutoGPT 44.9 ± 2.8 48.1 ± 3.6 73.3 ± 2.9 59.7 ± 3.2 56.6 ± 3.4

Multi-agent
(Multi-model)

Reconcile 58.2 ± 3.0 67.4 ± 3.2 78.5 ± 2.3 68.9 ± 2.7 63.8 ± 2.9
AutoGen 52.4 ± 3.5 64.8 ± 3.3 75.9 ± 2.8 66.2 ± 3.1 60.5 ± 3.2
DyLAN 49.7 ± 3.2 61.2 ± 3.4 73.6 ± 2.6 63.5 ± 2.9 58.3 ± 3.0

GPTSwarm 23.7 ± 3.8 49.7 ± 4.1 71.0 ± 3.3 62.2 ± 3.5 51.6 ± 3.7
AgentVerse 29.8 ± 3.4 72.6 ± 2.1 75.9 ± 2.4 54.0 ± 3.8 58.1 ± 2.6
MACNET 68.8 ± 1.9 52.4 ± 3.9 80.5 ± 1.8 59.1 ± 3.3 65.2 ± 2.2

D3MAS (Ours) 85.3 ± 2.1 89.8 ± 1.5 86.2 ± 1.6 76.8 ± 1.8 69.7 ± 1.9

Figure 3: Performance comparison between vanilla agents and D3MAS-enhanced agents across eight different LLMs on seven
evaluation metrics (Judge, Reason, Decept, Self-Aware, Compre, Coord, Rational). The yellow line represents D3MAS-enhanced
agents while the blue shaded area shows vanilla agent performance. D3MAS consistently improves performance across most
metrics for all models.

validate hierarchical coordination effectiveness. Figure 3 demon-
strates consistent improvements across eight LLMs with strongest
gains in Judge, Reason, and Coord metrics.

5.6 Model Analysis
Figure 3 shows D3MAS-enhanced agents outperform vanilla agents
across all evaluation dimensions with 15% to 35% average improve-
ments. Smaller models like GPT-5 gain 30% while larger ones like
DeepSeek-V3.1 gain 20%, suggesting D3MAS compensates for in-
dividual limitations through structured coordination. Consistent
patterns across different model families validate that gains stem
from architectural design rather than model-specific optimizations.

Coordination and Comprehensiveness show the largest improve-
ments at 35% and 28% respectively, confirming hierarchical informa-
tion flow reduces redundancy while maintaining reasoning depth.
Figure 6 further validates D3MAS’s resilience under adversarial
conditions including 10% to 30% noisy memory nodes and random
agent failures. D3MAS maintains 80% accuracy through distributed
memory and dependency-aware reasoning while baselines degrade
to 45%, demonstrating the framework’s fault tolerance through
redundant information pathways across the three-layer hierarchy.

5.7 Hyperparameter Analysis
Figure 4 analyzes four critical hyperparameters on MMLU and
HumanEval. Performance peaks at k equals 5 for top-k retrieval
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Figure 4: Hyperparameter sensitivity analysis on MMLU and HumanEval. Optimal configurations: k=5 for top-k retrieval,
(𝜃 )=0.65 for similarity threshold, 6 agents for scalability, and d=512 for embedding dimension.

Figure 5: Impact of message passing iterations on reasoning
accuracy and knowledge redundancy. Optimal performance
occurs at L=3-5, balancing information propagation with
computational efficiency.

Figure 6: Robustness under noisy memory and agent failures.
D3MAS maintains 80% accuracy through distributed memory
and dependency-aware reasoning, while baselines degrade
to 45%.

Table 2: Ablation study results on MMLU and HumanEval
with GPT-4.

Method MMLU↑ HumanEval↑ Cooper.↑ Coord.↑
D3MAS (Full) 85.3 89.8 82.6 84.3
w/o Task Layer 78.2 81.5 74.3 76.8
w/o Reasoning Layer 72.6 76.4 68.9 71.2
w/o Memory Layer 76.8 79.3 71.5 73.6
w/o Message Passing 69.4 73.8 65.2 67.9
Flat Architecture 64.1 68.7 60.8 63.4

with 78.9% on HumanEval and 74.3% on MMLU. Optimal similarity
threshold occurs at theta equals 0.65 balancing relevance and ac-
cessibility. Six agents achieve best accuracy-efficiency trade-off at
78.9% and 74.1% respectively. Embedding dimension d equals 512
provides optimal representation with diminishing returns beyond.
Performance remains stable within plus or minus 10% of optimal
values, indicating robustness without extensive tuning.

Figure 7: Visualization of the performance metrics and
prompt token consumption of different multi-agent commu-
nication topologies across MMLU, HumanEval. The diameter
of each point is proportional to its y-axis value.

5.8 Ablation Study
Table 2 demonstrates each component’s contribution to overall
performance. Removing the task layer decreases accuracy by 7.1%
on MMLU and 8.3% on HumanEval, while removing the reasoning
layer causes larger drops of 12.7% and 13.4% respectively, confirm-
ing its central role in coordinating inference. Memory layer removal
shows moderate impact with 8.5% and 10.5% decreases. Eliminating
message passing reduces performance by 15.9% and 16.0%, highlight-
ing cross-layer coordination importance. Flat architecture suffers
most with 21.2% and 21.1% drops, validating hierarchical design
necessity. Figure 5 shows optimal performance at L equals 3 to 5
iterations with 15% to 20% accuracy gains as cross-layer alignment
takes effect. Figure 7 confirms D3MAS achieves superior Pareto
frontiers at 85.3% accuracy with 0.7M tokens on MMLU and 89.8%
Pass@1 with 1.6M tokens on HumanEval, outperforming complete
graphs with 5 to 8 times lower costs and LLM-Debate with 13% to
15% higher accuracy.

6 CONCLUSION
This paper addresses the challenge of enabling effective multi-agent
collaboration while minimizing information redundancy. We pro-
pose D3MAS, a hierarchical coordination framework that orga-
nizes agent interactions across task, reasoning, and memory layers
through structured message passing in a heterogeneous graph.
Experiments on four benchmarks demonstrate that this work ad-
vancing the efficiency of multi-agent reasoning systems. Future
work will explore scaling strategies for larger agent populations.
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