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Abstract

Large language models (LLMs) and agent-
based frameworks have advanced rapidly, en-
abling diverse applications. Yet, with the prolif-
eration of models and agentic strategies, practi-
tioners face substantial uncertainty in selecting
the best configuration for a downstream task.
Prior studies show that different agents and
backbones exhibit complementary strengths,
and that larger models are not always supe-
rior, underscoring the need for adaptive routing
mechanisms. Existing approaches to agent rout-
ing, however, often emphasize cost efficiency
while overlooking the fine-grained contextual
and relational structure inherent in QA tasks.
In this paper, we propose AGENTROUTER,
a framework that formulates multi-agent QA
as a knowledge-graph—guided routing problem
supervised by empirical performance signals.
Specifically, we convert QA instance into a
knowledge graph that jointly encodes queries,
contextual entities, and agents, and then train a
heterogeneous graph neural network (GNN)
to propagate information across node types
and produce task-aware routing distributions
over agents. By leveraging soft supervision
and weighted aggregation of agent outputs,
AGENTROUTER learns principled collabora-
tion schemes that capture the complementary
strengths of diverse agents. Extensive exper-
iments demonstrate that our framework con-
sistently outperforms single-agent and ensem-
ble baselines, while generalizing across bench-
marks and LLM backbones. These results high-
light the effectiveness and robustness of graph-
supervised multi-agent routing for question an-
swering. Our code repo is available here.

1 Introduction

Large language models (LLMs) (Ye et al., 2025)
have quickly established themselves as versatile
learners, demonstrating strong performance in rea-
soning, comprehension, and natural language gen-
eration. Their rapid advancement has significantly

influenced both academic research and real-world
applications, spanning areas from scientific explo-
ration to software engineering (Kojima et al., 2022;
Ouyang et al., 2022). Building on this progress,
LLM-driven agents have gained prominence for
their ability to plan, interact, and solve complex
tasks with limited human oversight. These agents
extend LLMs into practical pipelines, enabling ap-
plications such as program synthesis and repair,
retrieval-augmented generation, data analysis, and
interactive decision-making (Jimenez et al., 2024;
Singh et al., 2025; Guo et al., 2024a; Li et al,,
2024a; Ma et al., 2025c; Zhang et al., 2026).
Despite these advances, the rapidly expanding
ecosystem of LLMs and agentic strategies intro-
duces a pressing challenge: given a fixed down-
stream task, practitioners face substantial uncer-
tainty about which model or agent configuration
is most effective. Prior studies consistently show
that different agents and LL.M backbones exhibit
task-dependent strengths, and that larger models
do not always outperform smaller ones in every
scenario (Chen et al., 2024d,a). This heterogene-
ity underscores that a one-size-fits-all solution is
inherently suboptimal, motivating the development
of adaptive routing mechanisms.
Major Research Gaps. To address this challenge,
recent research has explored LLM selection and
routing (Shi et al., 2026; Jiang et al., 2023a; Ong
et al., 2025b; Chen et al., 2024b). These studies
highlight the potential of adaptive selection, yet
important limitations remain. First, most prior ap-
proaches neglect the rich structural context underly-
ing QA tasks. Many ignore semantic information in
the input context altogether, and even works that at-
tempt to incorporate supervised signals (e.g., (Feng
et al., 2025)) still fall short in modeling the fine-
grained contextual structures that drive effective
reasoning. Second, much of the literature empha-
sizes cost efficiency or adaptability across hetero-
geneous tasks. While valuable, this perspective
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Figure 1: Our Motivation. Performance variance across six classical agent designs (raw, CoT, self-consistency,
MAD, ReAct-Reflect, and summary), each applied with the same prompt template. Results are shown for two LLM
backbones (Llama-3-8B-Instruct, Mixtral-8 x 7B-Instruct) on two benchmarks (HotpotQA, NewsQA). Each violin
plot depicts the distribution of F1 scores across test instances, with the white dot indicating the median and the black
bar the interquartile range. The plots highlight agents with the same backbone yield wide and non-overlapping
distributions, and the relative ranking of agents varies substantially across tasks and backbones.

overlooks another prevalent scenario: the down-
stream task is fixed, but new data continuously
arrives, requiring the optimal collaboration scheme
beyond the single best agent that maximizes future
performance.

To mitigate the aforementioned gaps, we propose
AgentRouter, a framework that formulates multi-
agent Question Answering (QA) as a knowledge-
graph based routing problem guided by supervised
signals. Our approach proceeds in two stages. First,
we construct a knowledge graph in which queries,
contextual entities, and agents are jointly repre-
sented, with edges encoding lexical, semantic, and
relational signals. Prior research has shown that
knowledge graphs are particularly beneficial for
tasks involving multi-hop reasoning or relational
context (Jin et al., 2024; Jiang et al., 2024; Peng
etal., 2024), making them a natural fit for routing in
complex QA. Second, we propose a heterogeneous
graph neural network (GNN) over this knowledge
graph setting to propagate information across node
types and to produce task-aware routing distribu-
tions over agents. The router leverages soft super-
vision derived from empirical agent performance,
learning distributions rather than hard assignments,
and generates final predictions through weighted
vote aggregation of agent outputs.

Why it matters? By embedding queries, entities,
and agents into a unified graph, AGENTROUTER
grounds agent selection in the same semantic struc-
tures that govern reasoning for QA. By learning
collaboration schemes from supervised graph sig-

nals, rather than relying on heuristic voting or
LLM-based judges, our method adapts to new in-
puts while effectively capturing the complementary
strengths of diverse agents. Extensive experiments
confirm that our approach consistently outperforms
single-agent and ensemble baselines, while also
generalizing across benchmarks and backbones.
These results underscore the effectiveness and ro-
bustness of graph-supervised multi-agent routing.
Our contributions can be summarized as follows:

* KG-based Formulation of Multi-Agent QA.
We present the first framework that converts
multi-agent question answering into knowl-
edge graphs, where nodes represent not only
queries and agent prompts but also fine-
grained entities and contextual interactions,
thereby preserving and exploiting latent se-
mantic dependencies critical for complex QA.

* Graph-Supervised Collaboration Learning.
We propose a framework that learns an adap-
tive collaboration scheme across diverse agent
designs and LLM backbones, which lever-
ages supervised graph signals instead of LLM-
based judges or heuristic ensembling.

* Robust Empirical Validation. Extensive ex-
periments show that our collaboration scheme
consistently outperforms the best single agent
and state-of-the-arts baselines.
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2 Problem Formulation

Overarching Goal. We study the problem of de-
signing an optimized LL.M-based agent router for
a fixed downstream task. Let A = {ay,...,a,}
denote the pool of available agents (each agent de-
fined by a backbone LLM and an interaction strat-
egy/prompting style), X the input/query space, and
Y the output space. For z € X, each agenta € A
produces a candidate y,(z) € ). Our goal is to
learn an optimal weighted combination of agents
in A that maximizes task-level performance in the
fixed downstream setting.

Assumption and Empirical Validation. Our
formulation builds on the assumption that no
single agent or backbone uniformly dominates;
rather, their strengths and weaknesses are task- and
backbone-dependent. This premise is supported
by extensive prior work, which consistently shows
that different LLMSs or prompting strategies excel
in different scenarios. Such heterogeneity has moti-
vated collaborative frameworks, where combining
diverse models yields higher overall performance
than any single constituent (Chen et al., 2024d,a).
We further validate this assumption through our
experiments (Figure 1). Specifically, we observe
that for a fixed backbone and dataset, agent F1
distributions are wide with non-overlapping confi-
dence intervals, and the agent that performs best
on one benchmark is often suboptimal on another.
Even under identical prompt templates, perfor-
mance rankings vary substantially across bench-
marks and backbones. These findings substantiate
the need for a principled, task-aware routing mech-
anism rather than a one-size-fits-all collaboration
scheme.

Contextual Modeling via Knowledge Graphs.
To capture the contextual information required for
routing, we represent the interaction space as a
knowledge Graph (KG). Formally,

g:(V,E), V:VQUVAUVE,

where Vg denotes query nodes, V4 agent nodes,
and Vg entity nodes capturing contextual informa-
tion. Edges encode different types of relationships:
query—entity and entity—entity edges capture se-
mantic or entity-level relations derived from the
input, while query—agent edges capture agent re-
sponses or performance signals. The statistics of
the KGs across benchmarks can be seen in Table 1.
Within this KG, the routing problem reduces to
learning a function fy that scores query—agent pairs

Statistics HotpotQA NewsQA
Avg. # of Nodes:
Query 1 1
Agent 24 24
Entity 111.6 46.0
Avg. # of Edges:
Entity-Entity 331.6 110.34
Agent-Entity 74.64 89.18
Query-Entity 22.96 3.80

Table 1: Comparison of knowledge graph statistics be-
tween multi-hop and direct QA benchmarks. Agent and
query node number are fixed across benchmarks.

by propagating signals along graph edges:
8((]7 (l) = fQ(Q7 a; g)?

where s(q,a) estimates the utility of including
agent a when solving query ¢ for the given task.
The router then computes a weighted combination
of agents:

9(q) = ¢({ ¥a(q), wa(q)

with weights w,(q) x exp(s(q, a)), and ¢ denot-
ing an aggregation rule such as voting, reranking,
or learned fusion. Framing the problem in this way
refines the high-level goal of "finding the best col-
laboration scheme" into the concrete task of learn-
ing graph-supervised scores for query—agent pairs,
which in turn yield optimized weightings of agents
for a fixed downstream task.

ca € A}),

3 Methodology

Now that we have properly formalized the prob-
lem, we proceed to detail our proposed framework.
As illustrated in Figure 2, we first transform orig-
inal query—context pairs into knowledge graphs.
These graphs serve as a semantically grounded sub-
strate that captures both contextual evidence and
agent-specific perspectives. On top of this represen-
tation, we introduce ROUTERGNN, a type-aware
heterogeneous GNN trained to infer query—agent
compatibility distributions from empirical perfor-
mance signals. This design enables the router to
move beyond static ensembling, learning adaptive
collaboration strategies that exploit complementary
agent strengths.

3.1 Knowledge Graph Construction

To enable context-aware routing, we convert each
QA instance (g, C'), with query ¢ and context C,
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Figure 2: Overview of our proposed framework. (a) QA instances are converted into knowledge graphs with query,
entity, and agent nodes, with edges defined to capture semantic relations. Query—agent edges are trainable to enable
adaptive routing. (b) A type-aware heterogeneous RouterGNN propagates contextual and relational information
across the graph. The router then predicts a task-dependent distribution over agents, trained via KL divergence
against empirical agent performance. Final answers are obtained as the weight vector of the agents per query.

into a knowledge graph G = (V,&). The cen-
tral motivation is that the router must reason not
only about the query and the available agents, but
also about the contextual entities and their rela-
tions, since these often determine which reasoning
strategies are most effective. Importantly, such con-
textual information does not directly reveal the best
agent; rather, it shapes the structural cues that guide
the router in weighting complementary agents. To
this end, the graph is designed to contain query
nodes, entity nodes, and agent nodes, connected by
edges that reflect lexical, semantic, and trainable
routing relations.

Nodes as Representations of Context. To faith-
fully represent the fine-grained contextual informa-
tion, we design the following node types. 1) Entity
nodes are introduced to preserve the contextual sig-
nals. We employ a spaCy pipeline to extract named
entities, temporal expressions, and numerical men-
tions from the context, normalizing them into the
set V. Each entity node stores its surface form,
NER type, and frequency, ensuring that repeated
mentions amplify the importance of the correspond-
ing node during message passing. 2) Agent nodes
form the set V4, where each node corresponds to
one candidate agent defined by its backbone LLM
and prompting strategy (e.g., Chain-of-Thought,
or ReAct-style reasoning). Representing agents as
nodes embeds them into the same latent space as
queries and entities, enabling the router to directly
learn compatibility signals. 3) Finally, each input
question is represented as a query node v, € Vg,
whose embedding is initialized via a contextual
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encoder. This ensures that semantically similar
questions occupy nearby regions in the latent space,
providing a natural anchor point for supervision.
Edges as Carriers of Relation Signals. Accurate
and diverse edges bind the node families to capture
both static semantic structure and dynamic routing
preferences. Specifically, we design the following
types of edges. 1) Query—entity edges link queries
to entities they explicitly mention, grounding the
question in its evidence context. 2) Entity—entity
edges are established through dependency pars-
ing, where we extract relation triples (h, r,t) from
spaCy’s parser and record them as connections be-
tween entity nodes. This step introduces relational
structure into the graph, allowing message passing
to propagate semantic information across linked
entities. 3) To reflect agent perspectives on context,
we further construct agent—entity edges by prompt-
ing each agent to identify the most relevant entities
it attends to. These edges specify which parts of
the context are emphasized by different agents. 4)
By contrast, query—agent edges are left as trainable
connections. Their role is to carry the routing signal
that the model learns to predict: the existence and
weight of such edges determine which agents par-
ticipate in collaboration and how strongly their out-
puts are weighted. This way, frozen edges capture
contextual grounding, and trainable query—agent
edges encode adaptive routing.

Edge-to-node Mapping for KG Learning. Since
linguistic relations (verbs, dependency types) are
open-ended, using them directly as edge types
would explode the schema with too many edge



categories, but collapsing them into overly coarse
classes would also lose valuable contextual infor-
mation. To solve this problem, we materialize re-
lations as dedicated nodes Vrgr, € Vg. For each

extracted triple (h,r,t), we introduce a relation
inc:src

node r and rewire the connection as h ———
r 28 4 This design allows message passing
to explicitly traverse relation semantics, while keep-
ing the edge vocabulary manageable. The original
text triples are cached for LLM prompting, ensur-
ing that no semantic detail is lost.
Unified Embedding Space and Graph Definition.
As such, all nodes are embedded into the shared
textual space to make message passing meaning-
ful. Query nodes use contextual embeddings of
the question text; Entity and relation nodes use sur-
face text embeddings augmented with type and fre-
quency features; Agent nodes rely on sentence em-
beddings of their descriptive strategies and prompts.
Embedding everything into one space ensures that
similarity across node types is preserved before
graph-level learning. Although each QA instance
yields a unique graph, the agent set is always fixed,
thus query—agent edges are consistently trainable.
This design ensures that message passing remains
effective: structural signals flow through contextual
nodes, while routing signals are learned on top of
the stable agent-query scaffold. Consequently, we
construct the knowledge graph, which provides a
principled, semantically grounded representation
of QA instances, enabling the router to learn ef-
fective collaboration schemes across agents in the
next stages.

3.2 Router Training via RouterGNN

With the knowledge graph in place, the router must
be trained to determine which agents are most
useful for a given downstream task. Unlike prior
routers that rely on LLMs-as-judges or heuristic
voting rules, our training-based approach allows
the router to generalize beyond fixed protocols and
adaptively weight agents according to contextual
signals. This shift from rule-based selection to su-
pervised learning enables the model to exploit nu-
anced dependencies between queries, entities, and
agents that are inaccessible via static ensembling.
To achieve this, we adopt RouterGNN, a het-
erogeneous Graph Neural Network (GNN) that
performs type-aware message passing across the
knowledge graph. Each node embedding is first
projected into a shared latent space with a type-

specific projection operator Proj. .. For an edge

(u N v) of type 1), the message is computed as
mgﬁg = Proj.(Wg) hg*1)> )

and aggregated by mean pooling over all neighbors
of type 1. Messages from different edge types are
then combined with learnable gates, producing the
node update

h) = UT(U (

|Y wy - ml®),
PeT(v)
)

where 7(v) is the node type, w,,” is a learned scalar

per edge type, U. ( ()U) 1s a type- spemﬁc update func-

tion, and || denotes concatenation. This update
rule ensures that each node embedding integrates
both its previous state and type-aware signals from
heterogeneous neighbors.

After L layers, the query embedding h( ) e
codes contextual and relational evidence, Whlle
each agent embedding h((lL) captures its suitability
for the query. Routing scores are then produced by

s(a, @) = MLP (R{?) || 1))

po(a | q,G) = softmax,c 4(s(q,a)).

Supervision is derived from the empirical perfor-
mance of candidate agents. For each query, we eval-
uate all agents and transform their F1 scores into a
soft target distribution p*(a | ¢) via a temperature-
scaled softmax, yielding smoother and more in-
formative labels than hard one-hot assignments.
The router is then trained by minimizing the Kull-
back—Leibler divergence

= palq) log———c

acA

p*(alq)

L
KL(4 <a|q, g)

KL divergence is especially appropriate in this
setting. Unlike cross-entropy, which strongly em-
phasizes only the top-performing label, KL en-
forces alignment across the entire distribution, en-
suring that the router captures the relative strengths
of both primary and secondary agents. Compared
to mean squared error, KL better respects the ge-
ometry of probability distributions and avoids van-
ishing gradients for low-probability agents. This
richer supervision encourages the router not only
to identify the best agent but also to approximate
the correct balance among complementary agents,
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Method 2Wiki HotpotQA NewsQA TriviaQA
F1 EM F1 EM F1 EM F1 EM

Average 51.23+1.46 41.87+091 59.52+1.33 46.63+0.97 57.96+2.01 36.11+0.84 45.09+2.35 36.62+1.05
Majority Vote 70.12+1.95 61.00£1.00 63.274+0.28 52.80+1.12 59.11£0.62 39.33+1.53 50.16£1.19 39.00+1.00
Best LLM 71.27+1.71 62.1940.94 68.32+1.65 50.83+1.00 60.42+1.74 40.79+0.63 48.21+1.62 39.124+0.44
Best Agent 74.89+1.12 63.75+1.24 68.68+1.70 56.20+£1.06 62.89+2.62 37.14+1.41 59.33+2.05 49.17+0.73
LLM-Blender 66.64+2.24 52.00+2.65 64.97+1.98 50.33+£3.06 58.83+£0.66 38.00£1.73 48.06+0.93 34.00+1.73
HybridLLM 69.01+0.15 56.00+1.00 59.10+2.16 39.33+2.89 51.96+2.73 28.00+2.16 52.08+1.36 38.67+1.53
GraphRouter  64.094+0.13 56.33+0.58 61.73+0.76 49.67+0.58 64.95+0.33 50.67+0.58 52.37+1.26 42.33+1.53
AgentRouter  74.86+2.34 67.33+0.54 70.54+0.23 57.33+0.58 65.61+£1.35 48.67+1.53 63.36+£0.19 51.00+0.88

K=3 75.39+0.40 68.334+0.58 68.41+£1.03 55.33+1.53 68.22+0.84 52.33+0.58 59.91+1.57 49.67+3.20

K=5 77.02+0.58 70.67+0.57 69.19+0.56 56.33+£0.58 68.13+£0.61 51.67+£0.58 59.07+0.71 47.67+1.03

K=10 76.35+1.15 70.67+1.15 70.07+0.58 56.67+0.58 66.53+0.93 50.00+1.00 62.67+4.51 50.67+5.86
Oracle 92.95+1.35 87.00+1.73 90.70+1.52 83.67+1.53 81.37+£0.17 61.33+1.15 71.784+0.54 60.33+1.53

Table 2: Performance results with baseline methods on the four benchmarks. We report the mean and standard
deviation for all results. Best (excluding Oracle) results are in bold, second best are underlined.

leading to more stable optimization and more flexi-
ble collaboration policies.

At test time, the router produces a distribution
po(a|q,G) over agents for each query. Final pre-
dictions are generated through weighted voting:

9(q) = 6({ya(q), pola | ¢,G) : a € A}),

where y,(q) is the output of agent a on query ¢, and
¢ denotes a fusion rule such as weighted majority
voting. In this way, the router’s learned distribution
directly governs how much influence each agent
has in the final answer, producing a principled and
context-aware collaboration scheme.

4 Experiments

4.1 Experiment Setup

Benchmarks. We conduct experiments on an ex-
tensive collection of Question Answering tasks:
HotpotQA (Yang et al., 2018) and 2WikiMulti-
hopQA (Ho et al., 2020) for multi-hop complex
reasoning, and NewsQA (Trischler et al., 2017)
and TriviaQA (Joshi et al., 2017) for factual and
direct reasoning. We describe the details of these
benchmarks and discuss the split of sets with other
details in Appendix-B.1.

Baselines. We consider the following baselines:
1) Simple heuristic ensembling methods, includ-
ing the best LLM method, average score perfor-
mance, majority vote method, and the best Agent
(always choose the agent among the 24 candidates
with the best performance). 2) Classic state-of-
the-arts LLM routing baselines, including LLM-
Blender (Jiang et al., 2023a), HybridLLM (Ding
et al., 2024), and GraphRouter (Feng et al., 2025).
3) Oracle, indicating the theoretical upper bound,
where questions are answered by the best agent.

While there are many different designs of agents,
we hope to cover as many classic and basic de-
sign choices as we can. For our experiment pur-
pose, we choose these six agent designs: Raw
(the basic LLM method), Chain-of-Thought (CoT)
(Wei et al., 2022), Self-Consistency (SC) (Wang
et al., 2023c), React-Reflection (Yao et al., 2023;
Shinn et al., 2023), Multi-Agent Debate (MAD)
(Du et al., 2024) and Multi-Agent Summary. As
demonstrated in Figure 1, different agents perform
differently on different LLM backbones. There-
fore, we choose four classic LLM backbones
of similar scales but from different providers:
Llama-3-8b-instruct (MetaAl, 2024); Qwen2.5-
7B-Instruct-Turbo (Alibaba, 2025); Mixtral-8x7B-
Instruct-v0.1 (Mistral Al 2023); and gpt-oss-20b
(OpenAl, 2025). All baseline experiments are run
on the same settings and the results are recorded
from three consecutive runs to avoid fluctuation.
More details of the baselines are in Appendix-B.2.
Evaluation Metrics. Following standard practice
on SQuAD (Rajpurkar et al., 2016), we report Ex-
act Match (EM) and F1. EM measures the percent-
age of predictions that exactly match the gold an-
swer string after normalization (e.g., lowercasing,
punctuation). F1 is the token-level harmonic mean
of precision and recall between the predicted and
gold spans, capturing partial overlap. EM empha-
sizes strict correctness, while F1 provides a softer
measure that rewards partially correct answers.

4.2 Main Results

We present the main results of AgentRouter against
strong baselines in Table 2. Across all four bench-
marks, our method consistently achieves superior
performance, underscoring the strength of our rout-
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Figure 3: Percentage change (A) in F1 (left) and EM (right) relative to k = 24, used as the base (0%). Curves show
how performance varies with the top k£ agent clipped across datasets.

ing framework. Several additional insights emerge.
First, AgentRouter not only surpasses prior SOTA
methods, but also outperforms the best individual
agent on each benchmark (Best Agent baseline).
This highlights that a collaboration of heteroge-
neous agents can effectively integrate complemen-
tary strengths, yielding higher accuracy than any
single agent alone—demonstrating the necessity of
adaptive routing. At the same time, the gap to the
Oracle remains substantial, suggesting that there
is still significant headroom and motivating further
exploration of agent routing strategies.

Second, restricting the router’s output to the top-
K agents (K=3, 5, 10) unexpectedly produces the
strongest performance, in some cases exceeding
the unrestricted ensemble. A plausible explanation
is that pruning the long tail of low-quality or noisy
agents reduces variance and sharpens the aggrega-
tion of useful reasoning patterns. This suggests
that agent routing benefits not only from diversity
but also from judicious selection, where a smaller
yet high-quality subset provides a better balance
between complementarity and noise.

Finally, when comparing across benchmarks,
we observe consistent gains on both multi-hop
(2Wiki, HotpotQA) and single-hop/direct QA tasks
(NewsQA, TriviaQA). The improvements are es-
pecially pronounced on multi-hop datasets, where
reasoning requires combining evidence from mul-
tiple entities, and the advantage of heterogeneous
collaboration becomes more salient. By contrast, in
direct QA, the gains are smaller but still evident, in-
dicating that even factual retrieval questions benefit
from contextualized agent routing. Taken together,
these results show that AgentRouter generalizes

Layers
731 B3 4
T 70
I
2wiki hotpotga newsga triviaqa
Hidden Dimension
751 mm 64 mEW 128 [ 256
~ 70 -
il
2wiki hotpotqa newsqga triviaga

Figure 4: F1 performance on four QA benchmarks,
varying Layers (top) and Hidden Dimensions (bottom).
Error bars denote standard deviations.

robustly across QA paradigms, with strong benefits
in complex multi-hop reasoning scenarios.

4.3 Ablation Analysis

To better understand the effect of restricting the
router’s output, we conduct an ablation study by
varying the number of selected agents K. Figure 3
reports the relative change in F1 and EM, measured
against the full ensemble (K=24). Interestingly,
we observe that performance does not monoton-
ically increase with larger K. Instead, restricting
the router to the top-K agents often yields differ-
ent results on different benchmarks. Specifically,
the clipping method usually works on multi-hop
reasoning tasks, where improvements are most pro-
nounced at moderate K (around 5-10), while on
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single-hop QA tasks, usually more agents consis-
tently yield better and more stable results. This
trend might be due to some agents fail hard on
multi-hop reasoning and removing the long tail
of weaker agents reduces aggregation noise and
variance, allowing more reliable reasoning signals
to dominate. Overall, this ablation highlights that
agent routing benefits from careful selection rather
than unbounded inclusion on multi-hop complex
reasoning. A smaller but higher-quality subset of
agents provides a more stable and effective collab-
oration mechanism, underscoring the importance
of top-K clipping in practice.

We also study the effect of hyper-parameters.
For example, Figure 4 shows the analysis of the
effect of hidden dimensions and layers. Across
benchmarks, we observe that performance differ-
ences between configurations are modest but con-
sistent. Increasing the number of layers does not
always improve F1, with deeper settings sometimes
yielding lower scores, particularly on multi-hop
datasets. In contrast, larger hidden dimensions tend
to offer more stable gains across tasks, suggesting
that representational capacity plays a more robust
role than network depth in this setting. These re-
sults motivate a closer examination of architectural
trade-offs when designing models for diverse QA
benchmarks. Similarly, we also conduct a series of
other analyses, including the report of the original
single agent behaviors on each task. We include
these details in Appendix C.

4.4 Transferability Analysis

As discussed in the previous section, agents built
on the same backbone often exhibit wide and non-
overlapping performance distributions, and their
relative ranking varies substantially across tasks.
We now examine this phenomenon from the per-
spective of transferability of the learned router
weights. Table 3, 4 report results when the router
is trained on one dataset and evaluated on another.

Several observations emerge. First, when the
router is trained and tested on different tasks, per-
formance generally deteriorates—particularly un-
der strict Top-K clipping—demonstrating that the
router assigns high weights to different subsets of
agents depending on the task. This highlights the
task-specific nature of agent specialization and rein-
forces the importance of adaptive routing. Second,
the magnitude of degradation decreases as more
agents are included, since adding a broader pool
of candidates partially compensates for task mis-

2Wiki — HotpotQA 2Wiki — TriviaQA

Top-K ‘

‘ F1 Drop% EM Drop% F1 Drop% EM Drop%
3 0.04 -0.61 11.72 10.94
6 0.00 0.00 11.97 14.88
9 -0.24 0.00 13.62 17.61
12 0.43 1.15 14.73 17.45
15 0.58 1.15 11.80 13.61
18 1.66 2.32 11.70 14.06
21 1.98 2.32 14.09 1591
24 1.98 2.32 11.87 13.64

Table 3: Performance drops when training on 2Wiki.

TriviaQA — 2Wiki TriviaQA — NewsQA

Top-K ‘

‘ F1 Drop% EM Drop% F1 Drop% EM Drop%
3 35.04 41.94 17.53 42.67
6 37.84 47.85 16.99 40.76
9 32.07 40.75 15.08 37.50
12 31.37 39.15 10.52 34.00
15 30.91 38.97 7.39 26.49
18 28.62 36.90 7.76 23.12
21 29.07 38.16 6.66 21.25
24 29.41 38.36 6.08 19.87

Table 4: Performance drops when training on TriviaQA.

match. Third, transferability is not uniform across
benchmarks: when the router is trained on Trivi-
aQA (single-hop factual QA) and tested on 2Wiki
(multi-hop reasoning), performance drops sharply,
in some cases falling below simple heuristic ensem-
bles. Conversely, training on 2Wiki and testing on
TriviaQA also incurs a gap, but the effect is smaller.
This asymmetry suggests that skills learned for
multi-hop reasoning might be helpful to factual
QA, whereas factual QA training fails to equip the
router with strategies for complex reasoning. These
results underscore a key insight: AGENTROUTER
is most effective when trained with task-relevant
information, and it is necessary for an agent router
to learn fine-grained, task-aware collaboration pat-
terns. Unlike simple heuristic methods, our frame-
work dynamically adapts to the demands of each
benchmark, yielding better results.

5 Conclusion

We introduced AGENTROUTER, a knowledge-
graph—guided agent routing framework. By mod-
eling contexts and agents in KG and learning task-
aware collaboration strategies, our method consis-
tently surpasses strong baselines across diverse QA
benchmarks. Our results demonstrate that explic-
itly learning contextual information is critical: by
guiding routing decisions with contextual and su-
pervised signals, AGENTROUTER is able to capture
subtle task-dependent signals that simple heuristics
miss, shedding light on new research paths.
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Limitations

While our study provides compelling evidence of
the effectiveness of graph-supervised multi-agent
routing, two limitations merit discussion. First,
we did not explicitly address cost—performance
trade-offs. Many routing approaches emphasize ef-
ficiency and cost reduction, whereas our design pri-
oritizes performance and robustness. This choice is
deliberate: our results show that AGENTROUTER
achieves substantially higher accuracy than prior
methods, highlighting the value of maximizing per-
formance as a complementary perspective. Never-
theless, future work could incorporate cost-aware
objectives to achieve more balanced trade-offs be-
tween efficiency and accuracy.

Second, our framework currently operates on a
fixed pool of manually designed agents. Although
this captures diverse and representative strategies,
it inherently limits exploration of the broader de-
sign space. Recent advances in automated agent
design suggest that infinitely many agent variants
could be generated and adapted dynamically. In-
tegrating such automated generation into our rout-
ing framework represents a promising direction
for future work, enabling continuous expansion of
agent diversity. Importantly, our current results in-
dicate that even within a limited agent pool, AGEN-
TROUTER already achieves near-optimal perfor-
mance relative to strong baselines, providing a solid
foundation upon which more flexible and scalable
extensions can be built.
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A Related Works

A.1 Task-Adaptive Agent Selection

Large language models (LLMs) and agentic frame-
works have advanced rapidly in recent years (Ye
et al., 2025; Xiong et al., 2025b,a; Chen et al.,
2025a,b; Xiong et al., 2026; Li et al., 2024b,
2025b,a). With the rise of LLM-based agents, stud-
ies increasingly show that no single LLM or agent
uniformly excels across downstream tasks; rather,
different models or agents exhibit complementary
strengths. For example, AgentVerse demonstrates
that multi-agent groups can outperform individual
agents and display emergent collaborative behav-
iors (Chen et al., 2024d), while ReConcile shows
that organizing diverse LLMs into rounds of dis-
cussion with consensus voting yields superior rea-
soning compared to single-model baselines (Chen
et al.,, 2024a). Given these findings, a natural
next step is input-conditioned selection and co-
ordination—that is, learning to route or assem-
ble specialized models and agents per query to
harvest complementary gains. Early efforts pur-
sued this idea through simple binary or ensemble-
based collaboration: majority-vote aggregation
(e.g., self-consistency (Wang et al., 2022)) and
static ensembling confirmed the benefit of diver-
sity but fixed the model set in advance, offering
little adaptivity to input characteristics and lim-
ited guidance on which agent should be prioritized
for a given instance (Jiang et al., 2023a). Subse-
quent research introduced learned routers that pre-
dict which LLM is best suited for a query, thereby
providing more adaptive selection than static en-
sembles. RouteLLLM, for instance, learns routing
from human preference data and generalizes across
strong—weak model pairs (Ong et al., 2025b). Rou-
terDC employs dual contrastive learning to assem-
ble multiple LLMs, achieving gains over top in-
dividual models both in-distribution and out-of-
distribution (Chen et al., 2024b). MixLLM frames
routing as a contextual bandit problem, enabling
dynamic adaptation under evolving query distribu-
tions and mixed LLM pools (Wang et al., 2025b).
In parallel, other advances emphasized coordina-
tion among specialized agents rather than selecting
a single model. Approaches such as TO-Router and
BEST-Route adaptively determine how many out-
puts to sample or which expert models to involve
depending on query difficulty, rather than relying
on fixed pipelines (Stripelis et al., 2024; Ding et al.,
2025). While these approaches highlight the value
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of adaptivity, many still rely on heuristic collabora-
tion rules or shallow controllers, and they seldom
capture richer inter-dependencies among queries,
tasks, and agents.

The most recent wave of research formulates
routing as a structured learning problem. For ex-
ample, GRAPHROUTER casts routing as a link
prediction task on a heterogeneous graph and
leverages graph neural networks to jointly model
query—model, query—query, and model-model re-
lations (Feng et al., 2025). This represents a clear
step beyond shallow controllers or pairwise scoring,
yet it remains limited in its ability to incorporate
fine-grained task semantics or supervised graph
signals that can more directly guide adaptive col-
laboration across diverse agent designs.

A.2 Knowledge Graph Question Answering

Research on Knowledge Graph Question Answer-
ing (KGQA) has progressed from classic seman-
tic parsing and retrieval paradigms to increasingly
model-driven solutions. Early systems translated
natural-language questions into executable logical
forms (e.g., SPARQL) over a knowledge graph
(Sun et al., 2019; Zhang et al., 2022), often pairing
pre-trained encoders such as BERT with graph-
aware architectures (GNNs/LSTMSs) to locate en-
tities, relations, and supporting subgraphs (Ya-
sunaga et al., 2021; Taunk et al., 2023). More
recent approaches incorporate large language mod-
els (LLMs) to improve both access and reasoning:
some convert questions into structured queries like
SQL/SPARQL to sharpen retrieval (Jiang et al.,
2023c; Wang et al., 2023a), while others empha-
size multi-hop inference over retrieved triples or
subgraphs to handle compositional reasoning (Kim
et al., 2023; Gao et al., 2024; Ma et al., 2026a). De-
spite these advances, widely used benchmarks re-
main largely general-purpose and do not fully cap-
ture domain-specific demands—e.g., the nuanced
constraints present in nutritional-health reasoning
scenarios.

A.3 Graph-Retrieval Augmented Generation

Graph-Retrieval Augmented Generation (Graph-
RAG) generalizes the RAG paradigm (Lewis et al.,
2020; Ni et al., 2025) by retrieving structured ev-
idence rather than only unstructured text. Instead
of passages alone, Graph-RAG surfaces graph
fragments (triples/subgraphs) and uses graph en-
coders to condition generation, thereby improv-
ing precision and reducing redundancy (Guo et al.,
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2024b; Wen et al., 2023; Lazaridou et al., 2022; Liu
et al., 2024; Li et al., 2026). Current evaluations
predominantly probe elementary graph reasoning
skills—such as path finding, degree/counting, or
edge existence (Fatemi et al., 2023; Wang et al.,
2024a, 2025d). While informative for fundamen-
tals, these settings under-represent domain-specific
requirements. He et al. introduce more advanced
graph-understanding benchmarks in general con-
texts (He et al., 2024), yet tailored evaluations for
domains like nutrition remain scarce (Zhang et al.,
2024b, 2025¢c; Huang et al., 2026a). Building on
Graph-RAG principles, many applications nowa-
days thrive and shed lights on new research paths
(Zhang et al., 2024a)

A.4 Graph Neural Networks.

Graph Neural Networks (GNNs) (Zhao et al., 2023;
Qian et al., 2022; Ju et al., 2022; Zhao et al.,
2021) are designed for relational data and have
delivered strong results across social, recommenda-
tion, biological, and molecular applications by ex-
ploiting graph inductive biases (Kipf and Welling,
2016; Velickovi¢ et al., 2017; Hamilton et al.,
2017; Ma et al., 2026b). Their ability to share
parameters across varying graph sizes/topologies
supports deployment in dynamic, real-world set-
tings. A growing body of work investigates transfer
and pretraining for cross-task/domain generaliza-
tion—mirroring trends in language and vision—via
subgraph pooling, pretraining schemes, and task-
agnostic embeddings (Ma et al., 2023; Wang et al.,
2024c; Ma et al., 2025a; Cao et al., 2023; Ma et al.,
2025b). Looking forward, the community is mov-
ing toward graph foundation models, i.e., large-
scale pretrained GNN backbones intended to cap-
ture broadly reusable structural/semantic patterns
(Wang et al., 2024b; Qian et al., 2024; Wang et al.,
2025f,e). Despite progress, open challenges per-
sist, including over-smoothing, expressive-power
limits, and scalability, motivating research on more
adaptive architectures and training recipes.

A.5 LLM Routing and Multi-Agent
Collaboration

Combining outputs from multiple LLMs to out-
perform any single model has become an active
area of research (Wu et al., 2026). Early work
mainly relied on heuristic aggregation (Huang
et al., 2026b). Mixture-of-Agents (Wang et al.,
2025a) showed that stacking agents in layers with
equal weights can outperform leading models.



Self-Consistency (Wang et al., 2023b) and LLM-
Blender (Jiang et al., 2023b) introduced majority
voting and pairwise ranking, respectively. How-
ever, these methods apply the same aggregation
strategy to all queries and therefore lack adaptivity.

This limitation motivated learned routers.
RouteLLM (Ong et al., 2025a), RouterDC (Chen
et al., 2024c), and MixLLM (Wang et al., 2025c¢)
learn query-level routing decisions through pref-
erence learning, contrastive learning, and contex-
tual bandits. More structure-aware methods further
model collaboration explicitly. MasRouter (Yue
etal., 2025) uses a cascaded controller to determine
collaboration mode, role assignment, and model
selection. GraphRouter (Feng et al., 2025) formu-
lates routing as link prediction on a heterogeneous
graph, while G-Designer (Zhang et al., 2025a) dy-
namically generates communication topologies for
each task. Another line of work treats the router
itself as an LLM. Router-R1 (Zhang et al., 2025b)
and Nielsen et al. (Nielsen et al., 2026) train LLM-
based orchestrators with reinforcement learning,
but these methods incur substantial inference over-
head because each routing decision requires a full
LLM forward pass.

B Implementation Details

B.1 Benchmarks

HotpotQA (Yang et al., 2018) is a large-scale ques-
tion answering benchmark explicitly designed to
evaluate multi-hop reasoning. Unlike traditional
QA datasets where answers can be located within a
single passage, HotpotQA requires systems to com-
bine information across multiple documents to ar-
rive at the correct answer. It contains over 100,000
question—answer pairs derived from Wikipedia, an-
notated with supporting sentences that enable ex-
plainable reasoning. This benchmark challenges
models not only to retrieve the right evidence but
also to demonstrate the ability to integrate scat-
tered information coherently. Given its emphasis
on multi-step inference, HotpotQA serves as a criti-
cal testbed for evaluating reasoning beyond simple
fact extraction.

2WikiMultihopQA (Ho et al.,, 2020) extends
the idea of multi-hop reasoning by constructing
questions that require reasoning across pairs of
Wikipedia articles. Compared to HotpotQA, it pro-
vides more challenging scenarios where supporting
evidence is deliberately spread across two distinct
documents, forcing models to bridge semantic gaps

between disparate sources. The dataset includes a
diverse range of question types, from entity rela-
tions to compositional reasoning, thereby testing
both retrieval and reasoning capabilities. By requir-
ing models to locate and combine information from
multiple, sometimes loosely connected passages,
2WikiMultihopQA offers a stringent benchmark
for assessing deeper reasoning and robust evidence
integration.

NewsQA (Trischler et al., 2017) is a large-scale
question answering dataset constructed from CNN
news articles. It consists of over 100,000 human-
generated questions paired with answers derived
from corresponding news passages. Unlike earlier
QA datasets that focus on simple fact extraction,
NewsQA emphasizes reasoning, inference, and
synthesis across multiple sentences within an arti-
cle. Its design introduces ambiguity, unanswerable
questions, and multi-sentence reasoning, making
it a challenging benchmark for evaluating reading
comprehension and open-domain question answer-
ing systems.

TriviaQA (Joshi et al., 2017) is a QA bench-
mark built from trivia-style questions collected
from online sources. It contains over 95,000 ques-
tion—answer pairs, with evidence passages drawn
from Wikipedia and the broader web. TriviaQA
is particularly challenging because its questions
are authored independently of the supporting doc-
uments, resulting in diverse phrasing, lexical vari-
ation, and indirect evidence. This property forces
models to rely on semantic understanding rather
than surface-level matching. As such, TriviaQA
tests both retrieval robustness and reasoning gener-
alization under noisy, real-world conditions.

B.2 Baselines

Agent Designs. To capture the breadth of agen-
tic strategies in contemporary LLM research, we
incorporate six representative agent designs. Raw
serves as the direct prompting baseline, providing
a view of the backbone’s unaugmented capability.
Chain-of-Thought (CoT) (Wei et al., 2022) elicits
intermediate reasoning steps, exposing latent de-
ductive processes that enhance multi-step problem
solving. Self-Consistency (SC) (Wang et al., 2023c)
improves over CoT by sampling multiple reasoning
paths and aggregating the most consistent outcome,
thereby mitigating variance from any single tra-
jectory. ReAct-Reflection (Yao et al., 2023; Shinn
et al., 2023) augments reasoning with external ac-
tions and iterative self-correction, producing more
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Benchmark Agent Raw CoT SC React Reflect MAD Summary
Qwen2.5-7B  60.42+1.74 59.83+2.63 5891+1.62 59.95+1.75 59.94+2.81 60.27+1.50

NewsQA gpt-oss-20B  59.89+2.62 61.07+£1.51 59.36+2.50 59.55+1.64 61.78+1.89 61.694+2.33
Mixtral-8x7B  54.12+1.35 53.7542.37 56.10£1.67 54.68+£1.46 54.96+2.75 55.514+2.84

Llama-3-8B  55.24+1.99 56.424+1.25 58.26+2.45 56.82+2.24  56.76+1.86 55.73+£1.57

Qwen2.5-7B  59.69+1.21 57.73£1.32 5832+1.37 57.20+1.60 55.89+2.48 56.93+2.72

HotpotQA gpt-0ss-20B  68.32+1.65 68.68+1.70 67.35+1.81 68.62+1.04 67.43+1.93 66.40+1.09
p Mixtral-8x7B  58.63+0.47 57.23+0.58 53.49+0.70 58.45+0.86  58.57+0.75 58.75+0.98
Llama-3-8B  56.50£1.02 54.95+1.14 56.06+1.26 56.31+£1.42 54.74+1.37 52.324+1.53

Qwen2.5-7B  41.944+2.20 4191£1.29 40.92+2.37 44.65+1.45 42.17+£1.54 44.56+1.62

Wik gpt-0oss-20B  71.27+1.71 70.63+1.79 71.28+1.87 73.80+1.96 70.50+2.04 74.89+1.12
Mixtral-8x7B  45.884+0.71 45.124+0.79 43.74+£0.87 47.15+0.96 44.30+1.04 47.72+1.12

Llama-3-8B  48.23+1.21 45.414+1.29 40.85+1.37 41.00+1.46  44.66+1.54 47.04+1.62

Qwen2.5-7B  35.44+2.67 31.71+1.71 39.00+3.18  35.08+2.10  33.79+2.62 33.99+3.00

TriviaQA gpt-0ss-20B  39.49+2.09 40.85+2.80 44.86+1.74 44.22+2.26  41.23+3.19 39.06+1.88
Mixtral-8x7B  48.214+1.62 58.424+1.78 59.33+£2.05 58.64+2.33  59.21+£2.41 56.09+2.74

Llama-3-8B  46.11+£1.76 49.574+2.58 48.07+£1.92  46.28+2.04  45.66+2.93 47.90+3.10

Table 5: F1 scores across benchmarks for different agents under various prompting strategies. We report mean and

standard deviation.

grounded and robust responses. Multi-Agent De-
bate (MAD) (Du et al., 2024) introduces interactive
deliberation among multiple agents, enabling con-
sensus formation through adversarial discussion.
Finally, Multi-Agent Summary represents collabora-
tive generation where diverse agents contribute par-
tial reasoning that is distilled into a unified answer.
These designs span from single-agent prompting
to multi-agent coordination, and their diversity is
essential for motivating the need for principled rout-
ing across heterogeneous strategies.

Simple Heuristic Ensembling. Based on
the agent designs, for baselines we first con-
sider straightforward heuristic ensembling meth-
ods. While algorithmically simple, these base-
lines are crucial because they reveal what can be
achieved without sophisticated routing. The best
LLM method reflects the strongest single backbone
performance, serving as a natural lower bound for
aggregation strategies, as many prior works focus
only on LLM routing, overlooking the potential
improvement brought by agent designs. Average
score performance and majority vote represent intu-
itive ways of pooling outputs across agents—either
by averaging confidence scores or relying on demo-
cratic consensus. Finally, the best Agent baseline
always selects the single best-performing agent (per
task), simulating an optimal and competitive strat-
egy, this is the upper bound of the performance
without agent collaboration with each other. Col-
lectively, these heuristics demonstrate how much
performance gain can be extracted from raw diver-

sity alone, providing a necessary contrast against
more advanced routing frameworks.

Major Routing Baselines. Beyond heuristics,
we benchmark against three state-of-the-art LLM
routing frameworks. LLM-Blender (Jiang et al.,
2023a) leverages an LLM-as-a-judge paradigm:
candidate outputs from multiple agents are pre-
sented to a meta-LLM, which adjudicates and se-
lects the final answer. This approach highlights
the potential of reflective meta-reasoning but in-
curs high cost and latency due to repeated LLM
calls. HybridLLM (Ding et al., 2024) adopts
a hybrid strategy that combines lightweight scor-
ing heuristics with selective meta-LLM adjudica-
tion, aiming to balance efficiency and effective-
ness. Finally, GraphRouter (Feng et al., 2025)
formulates routing as a graph-based learning prob-
lem, where agents and inputs are embedded into a
structured representation, and routing decisions are
learned via graph neural networks. This framework
demonstrates the benefits of explicitly modeling
relational structures among agents and instances,
setting a strong precedent for graph-based collabo-
ration learning.

It is worth noting, our work is greatly inspired by
the broader idea of graph-based reasoning for LLM
orchestration in GraphRouter. However, our work
departs fundamentally from GraphRouter in several
ways. First, GraphRouter encodes a query and its
context as a single node linked to candidate LLMs,
effectively reducing the rich internal structure of
the context into a coarse representation. In contrast,
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Benchmark Agent Raw CoT SC React Reflect MAD Summary
Qwen2.5-7B  40.79+£0.63 39.13+1.34 41.91+0.55 41.88+0.76  41.29+1.57 42.08+0.32

NewsQA gpt-oss-20B  37.14+£1.41 36.93+0.39 35.22+1.22 36.03£047 37.75+0.83 38.17+1.10
Mixtral-8x7B  28.18+0.43 27.78+1.02 29.27+0.59  29.09+0.36  27.89+1.31 27.24+1.48

Llama-3-8B  36.84+0.74 38.12+0.28 40.31+1.15 37.06+0.91  38.72+0.67 37.81+0.52

Qwen2.5-7B  46.83+1.36 46.20+1.42 4580+1.48 43.86+1.60 43.17+1.54 44.14+1.66

HotpotQA gpt-0ss-20B  50.83+1.00 56.20+1.06 53.80+1.12  54.86+1.24  55.17+1.18 53.14+£1.30
oo Mixtral-8x7B  44.83+0.28 44.20+0.34 39.80+0.40 44.86+0.52  46.17+0.46 44.14+0.58
Llama-3-8B  43.83+£0.64 42.20+0.70 44.80+0.76 42.86+0.88 42.17+0.82 41.144+0.94

Qwen2.5-7B  32.26+1.30 33.73£1.36 31.29+1.42 35.70+1.48 33.31+£1.54 34.68+1.60

Wik gpt-0ss-20B  62.19+0.94 64.80+1.00 61.21+1.06 65.77+1.12  63.24+1.18 63.75£1.24
Mixtral-8x7B  36.054+0.23 33.9440.29 34.074+0.35 35.92+0.41 33.09£0.47 36.89+0.53

Llama-3-8B  38.12+0.59 36.874+0.65 31.14+0.71  32.85+0.77 37.174+0.83 36.82+0.88

Qwen2.5-7B  29.87+1.41 26.16+:047 33.22+1.96 28.25+0.85 27.92+1.28 25.91+1.61

TriviaQA gpt-0ss-20B  30.88+0.92 33.19+1.24 36.14+0.57 34.82+1.09 31.71+1.83 31.11+0.62
Mixtral-8x7B  39.124+0.44 46.88+0.59 49.17+£0.73 46.21+1.03  47.09+0.88 42.86+1.17

Llama-3-8B  39.92+0.51 42.18+1.36 39.11+0.66  38.14+0.79  37.874+1.52 41.23+1.68

Table 6: Exact Match (EM) scores across benchmarks for different agents under various prompting strategies. We

report mean and standard deviation.

we decompose queries and contexts into entity-
level knowledge graphs, enabling more nuanced
modeling of semantic relations that prior research
has shown to be critical for reasoning-intensive QA.
Second, whereas GraphRouter formulates rout-
ing as a naive edge prediction problem between
queries and LLMs, our method leverages graph-
supervised edge weighting to directly learn collab-
oration strategies among agents, thereby producing
a principled voting scheme rather than a single-
model routing decision. Finally, GraphRouter is
designed solely for LLM selection, whereas we
operate in a multi-agent setting, showing that even
when agents share the same backbone, their design
choices lead to drastically different behaviors on
different tasks. By jointly modeling heterogeneous
agents and LLMs, our framework enables emergent
collaboration schemes that significantly surpass
the strongest single-agent baselines. Also impor-
tantly, unlike GraphRouter, our focus is on max-
imizing accuracy and transferability, rather than
cost-effectiveness, offering a complementary per-
spective in the landscape of graph-based LLM co-
ordination.

B.3 Training Details

Split. We use four datasets—2WikiMultihopQA,
HotpotQA, NewsQA, and TriviaQA—with a uni-
form slicing protocol across splits. For each dataset,
we take the first 500 examples of the official train-
ing split as our training data. From the official
validation split, we use the first 100 examples as
our validation set and the interval [100, 200) (i.e.,

the next 100 examples) as our test set. This fixed,
index-based selection makes experiments easy to
replicate across all corpora and avoids leakage be-
tween splits while keeping evaluation costs man-
ageable.

Hyperparameters. Unless otherwise specified,
we train the RouterGNN with hidden size 256
and 2 layers, optimized by AdamW (learning rate
1 x 1074, weight decay 1 x 10~%) and gradient
clipping at 1.0. The device is chosen automati-
cally among cuda/mps/cpu (default cpu). Evalua-
tion uses a stable top-k selection over agents with
k=24 by default (sorting by (—p, i) to determinis-
tically break ties) and weighted voting for answer
aggregation. To construct the soft routing targets,
we compute per-agent F1 against gold answers and
apply softmax(F1/7) with 7=0.25 and a small
label smoothing e=1073. For LLM-backed super-
vision and logging, we cache agent answers and,
when enabled, call the API with temperature 0.2,
max tokens 3000.

Miscellaneous. We adopt an early-stopping prac-
tice that saves a checkpoint only when the valida-
tion F1 strictly improves; ties do not overwrite the
earlier best. All reported test numbers come from
the validation-best checkpoint. In addition, during
graph construction we enrich question nodes with
lightweight type cues: a heuristic keyword scan
maps tokens such as which, where, who, when, why,
how, whether to coarse categories (e.g., person, lo-
cation, time, reason, manner, yes—no), and when
dataset-provided question types are available (e.g.,
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Figure 5: F1 performance on HotpotQA and NewsQA
under different temperature settings. Moderate values
(0.3-0.6) yield the strongest results.

in 2Wiki/HotpotQA) we merge them as well. These
type features serve as a weak prior for the model’s
type-conditioned routing head without changing
supervision targets. Finally, we use Together Al to
call the LLM APIs and one NVIDIA GeForce RTX
3090 GPU to train the graph neural networks.

C Additional Experiments

In this section, we report the additional experiments
we performed to support our claims in the main
sections. First, we report the original agent per-
formance used to calculate the average baseline,
the best LLM and the best agent, as can be seen
in Table 5 and Table 6. Then, we also report the
effect of other hyper-parameters here. Specifically,
we also study the effect of LLM temperature as an
example. As shown in Figure 5, we observe that
moderate settings (0.3—0.6) achieve the best bal-
ance across different benchmarks, while overly low
or high temperatures lead to degraded performance.
This indicates that controlled randomness is ben-
eficial for agent diversity, but excessive variance
harms consistency.

D Prompt Design

To demonstrate the exact instructions used in our
system, we present the full set of prompts that
guided the different agent roles. Figures 6 and
7 provide a complete overview. These prompts are
not intended as a novel design contribution, but
rather as transparent documentation of the configu-
rations employed in our experiments.

E Case Study

To better understand the effectiveness of our rout-
ing mechanism, we conducted a set of qualitative
case studies such as those shown in Figure 8. Be-
fore discussing the results, it is useful to categorize
the typical types of agent errors we observe. These
include: (1) content errors, where the answer text is
semantically incorrect; (2) format errors, where the
output does not follow the required answer format
(e.g., missing a boxed final answer or producing
extraneous text); (3) mixed errors, where the re-
sponse contains partially correct information but
is polluted with unrelated or contradictory details;
and (4) null responses, where the agent fails to
provide an answer at all (e.g., returning “None” or
empty output). These diverse error modes highlight
the importance of an intelligent router that can iden-
tify which agents are more likely to generate useful
and valid responses for a given question.

The three representative examples illustrate how
our model’s routing module successfully shifts
probability mass toward the most reliable agents.

In the graph construction process, we first parse
the context into a heterogeneous graph of entities
and their dependency or semantic relations. Then,
for each backbone x agent, we run an LLM-as-
judge process: given the question, the local en-
tity subgraph, and the agent’s prompt or capabil-
ity profile, the judge scores each (agent, entity)
pair and establishes manage edges for the highest-
scoring pairs — meaning “this agent is responsible
for these entities.”

In this example (Figure 9), the judge connects
llama3_8b::summary to key entities like The Fal-
con Takes Over, and George Sanders. The selected
agent can then reason step by step through its man-
aged subgraph:

The Falcon Takes Over =25 George Sanders
Prep:as, Gay Lawrence 9Pt e Falcon.

By following this reasoning chain grounded in
the context, the agent is able to reach the correct
answer node, therefore receiving the message.
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QA/Reasoning Prompt Suite — Part I

debate_debater_a:
You are Debater A. Your goal is to propose the most plausible answer using the provided context.
- Make ONE clear claim (the candidate answer).
- Support it with 1-2 ultra-short quotes (verbatim substrings) and name the hops.
- Explain the link between the quotes in <2 sentences.
Do NOT use outside knowledge and do NOT output the final boxed answer. Make your answer
really short and concise.

debate_debater_b:
You are Debater B. Your goal is to stress-test A’s claim using ONLY the provided context.

- If A’s quotes or hops are weak, inconsistent, or incomplete, point it out and give corrected
quotes/hops.

- If a better candidate exists, state ONE alternative with 1-2 short quotes and <2 sentences of
reasoning.

- If A is already well-supported, briefly confirm but add one missing check.
Do NOT use outside knowledge and do NOT output the final boxed answer. Make your answer
really short and concise.

debate_judge:

You are the Judge. Read A and B as supporting analyses and decide the best final answer using
ONLY the given context.

If evidence is thin, still make your best context-based guess.

Output MUST include nothing but brief final answer in the format: \boxed{}.

react:

You are a multi-hop reasoning expert and an expert QA agent.

Given a question, a news context, and retrieved documents, think step-by-step, silently chain facts
to derive a thinking plan,

then use this plan to derive the final brief answer.

Your output format MUST be a brief final answer on the last line in the format: \boxed{<answer>}.

reflect:
You are a judge overseeing a multi-hop reasoning expert and an expert QA agent.
Given a question, a news context, and retrieved documents, you will evaluate the agent’s answer
based on the correctness and notes.
If the answer is incorrect or incomplete, provide constructive feedback and suggest specific
revisions to improve the answer.
If the answer is correct and complete, indicate that no further revisions are needed.
Your output MUST end with either:

- “Status: revise” followed by specific feedback and revision suggestions, if the answer needs
improvement.

- “Status: final” if the answer is correct and complete.
If you indicate “Status: revise”, also include a short “Feedback: <your feedback here>" section
before the final answer.

Figure 6: Prompt suite for multi-hop QA (Part I).

806



QA/Reasoning Prompt Suite — Part II

think_a:

You are a multi-hop reasoning expert and an expert QA agent.

Given a question, a news context, and retrieved documents, think step-by-step, chain facts
to derive the answer.

Give your final answer as a single entity, and a concise reasoning process that leads to the
answer.

think b:

You are a multi-hop reasoning expert and an expert QA agent.

Given a question, a news context, and retrieved documents, think step-by-step, chain facts
to derive the answer.

Give your final answer as a single entity, and a concise reasoning process that leads to the
answer.

summarize:

You are the multi-hop reasoning expert and an expert QA agent. You receive outputs from
other agents. Use them as supporting signals.

If A and B agree on the same short span, return it. If they differ, pick the best answer with
your own reasoning.

Your output format MUST end with the brief final answer on the last line in the format:
\boxed{<answer>}.

router:

You are a routing model.

Decide if the following user question is CHALLENGING or EASY.
Answer with a single token: *CHALLENGING’ or "EASY’.

note:

Here are the rules you must STRICTLY follow:

1. Always return the answer as the SHORTEST exact entity only. The answer is always
within 10 words, and usually within 5 words.

2. If the question is yes/no, respond strictly with yes or no only.

3. For year ranges, never use hyphens; instead, use “from XXXX to YYYY” or “XXXX
until YYYY”.

4. Do not output sentences, explanations, or phrases with verbs; the answer must be a
single entity expression only.

5. One way or another, you must return your best guess, and the final answer must be in
the format: \boxed{<answer>}.

Figure 7: Prompt suite for multi-hop QA (Part II).
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Agent Routing Examples (Three QA Cases)

Example 1

Question: What use British singer Gary?
Gold Answer: iPhone apps

Model Prediction: iPhone apps

Top-4 Agents

BACKBONE : : qwen2p5_7b_turbo: : AGENT: : raw — iPhone apps (0.062086940)
BACKBONE : : gpt_oss_20b: : AGENT: :mad — iPhone apps (0.060009051)

BACKBONE: : gpt_oss_20b: : AGENT: : raw — iPhone apps (0.059776004)

BACKBONE : : gpt_oss_20b: : AGENT: :react_reflect — iPhone apps (0.059702747)

Last-4 Agents

BACKBONE :
BACKBONE :
BACKBONE :
BACKBONE :

:mixtral_8x7b:
:mixtral_8x7b:
:mixtral_8x7b:
:mixtral_8x7b:

:AGENT :
:AGENT :
:AGENT:
:AGENT :

:mad — iPhone, keyboard, Twitter (0.003830930)
:raw — iPhone/keyboard (0.004338742)

:sc — iPhone, keyboard, microphone (0.004404212)
:cot — iPhone/music (0.004915467)

Example 2

Question: What caused the accident?

Gold Answer: the bus lost control on a curve
Model Prediction: the bus lost control on a curve

Top-4 Agents
BACKBONE : : qwen2p5_7b_turbo: : AGENT: : cot — the bus lost control on a curve (0.081045948)
BACKBONE : : qwen2p5_7b_turbo: : AGENT: :react_reflect — the bus lost control on a curve
(0.079336852)
BACKBONE : : qwen2p5_7b_turbo: : AGENT: : raw — the bus lost control on a curve (0.078211986)
BACKBONE : : qwen2p5_7b_turbo: : AGENT: :mad — the bus lost control on a curve (0.071492545)

Last-4 Agents

BACKBONE :
BACKBONE :
BACKBONE :
BACKBONE :

:mixtral_8x7b:
:mixtral_8x7b:
:mixtral_8x7b:
:mixtral_8x7b:

:AGENT :
:AGENT :
:AGENT :
:AGENT :

:mad — Bus left highway, rolled over (0.003636589)
:summary — Bus left highway, rolled over (0.005194495)
:sc — Lost control on curve (0.005307447)

:raw — unknown (0.005436183)

Figure 8: Per-question agent routing snapshots for three examples. Each case shows the question, gold answer,
model prediction, and the four highest- and lowest-probability agents with their generated answers.
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Context

Title: The Falcon Takes Over. The Falcon Takes
Over (also known as "The Falcon Steps Out") is
a 1942 black-and-white mystery film directed by
Irving Reis. The B film was the third, following
"The Gay Falcon" and "A Date with the Falcon"
(1941), to star George Sanders as the character
Gay Lawrence, a gentleman detective known by
the sobriquet "the Falcon".

Entity-Entity Relations (Drawn Only) Gold

E1 — E2 dep:alias Gay Lawrence.
E1 — E11 dep:attr
E11 — E9 nummod
E1 — E6 star Legend
E6 — E7 prep:as

E12 — E4 prep:following
E7 — ES8 dep:attr 2: —P manage (agent—sentity, teal)
E12 — ES prep:following
E4 — E10 appos

E5 — E10 appos 4: =P g_ref (question—sentity, red)

1: Entity—Entity dependency (gray dashed)

3: — P q2agent (question—agent, purple)

Q1: Who is known as ‘the Falcon’?

gpt_oss_20b::raw
mixtral_8x7b::react

qwen2p5_7b::cot

1lama3_8b::summary

&)

The Falcon Takes Over

black-and-white mystetly film @ George Sanders

B film

1942

the Falcon

Irving Reis
@ The Gay Falcon

A Date with the Falcon @ 1941

The Falcon Steps Out Gay Lawrence
Figure 9: An illustrative example of the heterogeneous graph structure used in our framework. The graph consists
of three types of nodes: question nodes (green, top), representing input questions; agent nodes (orange, middle),
corresponding to different reasoning or retrieval agents; and entity nodes (blue, bottom), representing extracted
knowledge items such as people, films, time expressions, or attributes. Edges capture various types of relations
between these nodes: dashed gray edges denote linguistic or semantic relations between entities, teal edges indicate
manage links connecting agents to the entities they are responsible for, purple edges represent q2agent connections
from the question to potentially useful agents, and red edges (q_ref) link questions directly to referenced entities.
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