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Abstract

Despite substantial advances in large language
models (LLMs), generating factually consistent
responses for knowledge-intensive question an-
swering remains challenging. These difficulties
are primarily due to hallucinations and the lim-
itations of LLMs in bridging long-tail knowl-
edge gaps. To address this, we propose AMATA,
an Adaptive Multi-Agent Trajectory Alignment
framework that dynamically integrates external
knowledge to improve response interpretabil-
ity and factual grounding. Our architecture
leverages six specialized agents that collabora-
tively perform structured actions for complex
question reasoning. We formalize multi-agent
collaboration with external tools as a trajectory
preference alignment problem, incorporating
question-aware agent customization and inter-
agent preference harmonization. AMATA in-
troduces two principal innovations: (1) Intra-
Trajectory Preference Learning, which learns
objective-oriented preferences to prioritize crit-
ical agents, and (2) Inter-Agent Dependency
Learning, which captures cross-agent tool de-
pendencies through a novel dependency-aware
direct preference optimization technique. Em-
pirical results show that AMATA consistently
outperforms baseline approaches, knowledge-
augmented frameworks, and LLM-based tra-
jectory systems on five established knowledge-
intensive QA benchmarks. Further analysis
demonstrates the efficiency of our method in
reducing token consumption.

1 Introduction

Large language models (LLMs) serve as the back-
bone of modern NLP infrastructure (Hu et al.,
2024), yet they face persistent reliability challenges.
Chief among these are hallucinations that appear
superficially plausible (Woo et al., 2025) and other
undesirable behaviors (Yang et al., 2025).
Retrieval-Augmented Generation (RAG) pro-
vides a mitigation strategy by enabling LLMs to

* C. Wang and R. Hong are co-corresponding authors.

dynamically retrieve up-to-date information from
external knowledge sources during inference (Ru-
bin et al., 2022; Xu et al., 2024b). However, RAG
incurs its own drawbacks, such as retrieval inaccu-
racies (Zhu et al., 2024) and increased inference
latency due to longer contexts (Zou et al., 2024). As
a result, research has increasingly shifted towards
multi-agent systems that leverage diverse tooling
and cooperative reflection mechanisms to enhance
task robustness (Xu et al., 2024a; Yue et al., 2025).

Prior multi-agent approaches for knowledge-
intensive QA can be broadly categorized into three
paradigms: Modular Training, End-to-End Train-
ing, and Global-Local Training. (1) Modular Train-
ing fine-tunes individual agents on customized
datasets targeted to their respective subtask capa-
bilities (Long et al., 2023; Koopman et al., 2024).
These locally optimized agents are then manually
integrated through static workflows, with execu-
tion sequences and handoff mechanisms rigidly
defined. The lack of global optimization leads to
error propagation and diminished overall perfor-
mance, as locally optimal agents cannot compen-
sate for inter-agent dependencies or system-wide
dynamics. (2) End-to-End Training adopts a uni-
fied optimization strategy, jointly training all agents
within a single framework using task-level supervi-
sion (Zong et al., 2024; Klisura et al., 2025). While
backpropagation updates parameters throughout
the agent ensemble, enabling co-adaptation and
implicit coordination, uniform gradient updates ob-
scure the distinct specialization demands of hetero-
geneous agents. Agents responsible for different
subtasks (Khot et al., 2023; Yue et al., 2024) require
individualized learning signals; parameter sharing
can cause over-homogenization, thereby eroding
specialized expertise. (3) Global-Local Training
employs a two-stage process: first, agents are opti-
mized independently for subtask proficiency, then
fine-tuned jointly to align global behaviors (Yue
et al., 2025). Although this strategy combines lo-
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Figure 1: Comparison of multi-agent paradigms for knowledge-intensive QA. Modular Training and End-to-End
Training focus, respectively, on local agent reasoning and global co-adaptation, while the Global-Local Training
paradigm combines the advantages of both. Our AMATA framework dynamically learns intra-trajectory relationships
between questions and LLM agents, and establishes inter-agent dependencies across the agent ensemble.

calized specialization with global coordination, it
often fails to capture dynamic inter-agent depen-
dencies, which are crucial for handling diverse
knowledge-intensive tasks (Zhang et al., 2025a,b).
As shown in Figure 1, for questions with high confi-
dence, adding a “Verifier” agent after the preceding
five agents may be unnecessary. Additionally, the
three knowledge agents (“Retriever”, “Filter”, and
“Locator”) exhibit strong interdependence; when
the “Retriever” is triggered, subsequent actions of
the other two agents must also be executed.

In this paper, we propose Adaptive Multi-Agent
Trajectory Alignment (AMATA), a framework de-
signed to improve agent-level alignment and cap-
ture dynamic inter-agent dependencies. AMATA
maintains high reasoning performance while signif-
icantly reducing token overhead during inference.
Our main contributions are summarized below:
Intra-Trajectory Preference Learning. Existing
approaches commonly treat all agents as uniformly
relevant throughout the reasoning process. In con-
trast, our method dynamically optimizes agent
participation for each question, learning question-
specific agent preference distributions that adap-
tively modulate each agent’s influence based on
utility for the current input. For each agent and
question pair, we assign a preference score (e.g.,

<Reconstructor: 5> versus < Verifier: 1>), con-
catenated with the agent description as a prefix and
paired with the question for fine-tuning the corre-
sponding agent.

Inter-Agent Dependency Learning. Multi-agent
systems exhibit context-dependent inter-agent de-
pendencies, where triggering a pivotal agent neces-
sitates coordinated execution of functionally linked
agents, while allowing conditional suppression of
unrelated agents (Ji and Gao, 2024; Gao et al.,
2025). We introduce a dependency-aware Direct
Preference Optimization (DA-DPO) module that
learns context-sensitive execution ranking. Specif-
ically, for each question, we construct preference
samples that explicitly encode inter-agent depen-
dencies and annotate each trajectory with a joint
preference score reflecting the global optimality
of the multi-agent sequence. These scores induce
a dependency-aware ranking over sampled trajec-
tories, prioritizing those with robust inter-agent
coordination for DA-DPO training. This mecha-
nism enables LLMs to infer optimal multi-agent
execution sequences with high reliability.

We evaluate AMATA against competitive base-
lines on five benchmarks: HealthQA (Akhtar
et al., 2022), ARC-Choice (Clark et al., 2018),
PopQA (Mallen et al., 2022), SQuAD 1.1 (Ra-
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jpurkar et al., 2016), and ASQA (Gao et al., 2023).
Our framework achieves an average performance
improvement of +4.02% across all tasks, and re-
duces token consumption overhead by approxi-
mately 70% compared to strong baselines.

2 Related Work

Multi-Agent Trajectory Learning. Multi-agent
trajectory learning refers to the process of orches-
trating multiple agents to collectively solve com-
plex tasks (Li, 2025). Existing literature can be
grouped into three main paradigms: (1) Modular
Training (Long et al., 2023; Koopman et al., 2024)
trains agents independently for their respective sub-
tasks. This often results in suboptimal global per-
formance due to a lack of system-wide coordina-
tion. Preference learning has been introduced to
ameliorate poor decision-making at the individual
agent level (Song et al., 2024; Xiong et al., 2024),
but overall integration remains a challenge. (2) End-
to-End Training (Zong et al., 2024; Klisura et al.,
2025) jointly optimizes all agents using unified
loss functions derived from expert trajectories cu-
rated by a teacher LLM (e.g., FireAct (Chen et al.,
2023), AgentTuning (Zeng et al., 2024)). Other
approaches such as MapGPT (Chen et al., 2024)
and LLM-A* (Meng et al., 2024) focus on provid-
ing agents with a global view of the environment.
Despite improved coordination, these methods may
obscure contributions from specialized agents, po-
tentially hindering the balance between individual
expertise and system-wide collaboration (Zhang
et al., 2025b). (3) Global-Local Training com-
bines both global context and local adaptation sig-
nals to enhance agent specialization. For instance,
CoAct (Hou et al., 2024) emulates hierarchical
human planning in LLMs, while SMART (Yue
et al., 2025) leverages multi-granular trajectories
for agent control and system synergy. These frame-
works inject both global and local signals into agent
optimization, aiming to preserve both broad task
alignment and agent-level differentiation (Subra-
monian et al., 2023). However, these methods often
overlook inter-agent dependencies.

Knowledge Enhancement for LLMs. LLMs
are prone to hallucinations and lack coverage of
long-tail knowledge due to their parametric na-
ture (Ji et al., 2023; Li et al., 2024; Huang et al.,
2025). To ensure factual accuracy, LLMs fre-
quently rely on external sources. RAG incorporates
non-parametric resources to improve factual reli-

Agent Head End

Intent Reconstructor Aig ~ (Reconstructor)  (/eoi)
Knowledge Retriever Axr (Retriever) (feor)
Knowledge Filter Ak (Filter) (/eof)
Knowledge Locator Axr. (Locator) (feol)
Response Generator Arg (Generator) (leog)
Answer Verifier Aav (Verifier) (leov)

Table 1: Agents and special tokens used in trajectories.
Detailed agent descriptions and the trajectory data col-
lection process are provided in Appendices A.1 and A.4.

ability and enrich LLM outputs (Fan et al., 2024;
Singh et al., 2025). Advancements in this area
include better retrieval mechanisms using dense
retrievers (Karpukhin et al., 2020; Ye et al., 2024)
and improved information integration (Zhang et al.,
2024; Wang et al., 2025b; Cheng et al., 2025). For
example, Self-RAG (Asai et al., 2024) introduces
reflection tokens to assess both retrieval and re-
sponse quality during inference. However, these
RAG techniques typically operate within a single-
agent paradigm, executing retrieval and generation
in a sequential pipeline (Singh et al., 2025), thus
failing to exploit the emergent capabilities and co-
operative reasoning potential of multi-agent LLM
frameworks (Qian et al., 2025). In contrast, AM-
ATA is designed for knowledge-intensive QA tasks
in a multi-agent setting.

3 Methodology

3.1 Task Formulation and Basic Notations

Figure 2 illustrates the overall architecture of AM-
ATA. Given a question Q, we design a workflow
utilizing an LLM-based multi-agent system to gen-
erate the answer ), where ) = F(Q, A). Here, F
denotes the entire system parameterized by learn-
able weights, and A is the set of agents, such as the
six agents in AMATA (see Table 1). In this frame-
work, each agent A € A receives the current state
and produces three outputs: a response y;, a special
end token e;, and a special head token h;, . for the
subsequent agent, expressed as:

Yis€is hiv1 = A(Q, yi—1,ei—1,hi), (1)

where T = {(hl, Y, 61), ey (hT, yr, eT)} de-
notes a complete trajectory realized by dynamically
executing the workflow F. The final output ) is
obtained after completing this trajectory. In LLM-
based multi-agent systems, conditional autoregres-
sive language modeling is typically adopted to
learn which agent should act and when, utilizing
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Figure 2: Comparison between AMATA and standard SFT and DPO pipelines. AMATA optimizes intra-trajectory
preferences and inter-agent dependencies through adaptive prefix scoring (left) and DA-DPO (right).

these special tokens to coordinate agent behav-
iors (Kwon et al., 2024; Tang et al., 2025; Yue
et al., 2025). The trajectory-wise objective function
is defined as £(T) = Y.L | —log Pr (t; | t<;, Q),
where t; = (h;, y;, e;) represents the i-th tuple in
the trajectory 7 and ¢.; comprises all preceding
tuples in the trajectory.

3.2 Intra-Trajectory Preference Learning

Agents in a multi-agent system exhibit heteroge-
neous capabilities, necessitating autonomous tool
usage and adaptive coordination. For example, for
simple questions, the workflow may not require
external knowledge retrieval or output verification
(e.g., Aay). In such cases, the workflow only for-
malizes the question via Ajr and uses the generator
to produce an answer via Agrg. To model agent-
specific tool usage within a trajectory, a common
approach is supervised fine-tuning (SFT), which en-
hances the tool-handling skills of individual agents:

£91©)=-E ., o logPr(V|Q;0),

(Q’y) intra

2
where Dl(gt)m is the subset of the intra-trajectory
dataset Djyra corresponding to the j-th agent, and
O denotes intra-trajectory model parameters. The
agent’s description and functionalities are incorpo-
rated into Q via prompt engineering.

While agent-specific training can be effective,

it requires both agent-specific datasets and signifi-
cant computational resources, limiting scalability.
To address this, we consolidate preference learn-
ing within a unified trajectory sampling framework,
enabling a monolithic model to capture heteroge-
neous agent competencies through SFT augmented
with adaptive prefix scoring:

Lintra(©) = —E(Q,y,P)~Dpe 08 Pr(V | P, Q; O)
(3)

where P = {Pay, - .., Pa,, } represents the pref-
erence prefix set for each agent in the trajectory,
indicating their relative importance for a given sam-
ple (e.g., <Retriever: 5>). These scores reflect the
importance of each agent in correctly answering
the question, as annotated by LLMs. !

Consider the intra-trajectory sample illustrated
in Fig. 3. The reference to “Revenge of the Nerds”
requires background knowledge to support the
LLM’s response. Accordingly, the (Retriever),
(Filter), and (Locator) agents receive higher
preference scores, reflecting a stronger need for
knowledge tools. When knowledge agents yield
high-confidence outputs, verification becomes re-
dundant, resulting in a low preference score for the
(Verifier) agent. This example demonstrates that
question complexity induces a dynamic, heteroge-

"Prompt templates are provided in Appendix A.1.
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neous agent hierarchy within the reasoning trajec-
tory, and underscores the need for a framework that
supports flexible, token-efficient tool orchestration.

3.3 Inter-Agent Dependency Learning

Functional dependencies naturally exist between
agents within a trajectory, as downstream agents
rely on responses and states generated by upstream
agents in order to be triggered and operate ef-
fectively (Gao et al., 2025). In AMATA, such
dependencies are especially pronounced: for in-
stance, if the retrieval agent Ak is activated, then
the knowledge filtering agent Agg and the locat-
ing agent Ak, must also be executed. To model
these interactions, we introduce inter-agent depen-
dency learning, leveraging pairs of winning and
losing samples for Direct Preference Optimization
(DPO) (Rafailov et al., 2023). This enables the
model to automatically discover optimal patterns
of agent collaboration and to capture the underlying
dependency structures among agents.

A widely adopted technique combines the
Bradley—Terry (BT) model (Bradley and Terry,
1952) with DPO to parameterize the reward func-
tion for trajectory selection. Formally, the probabil-
ity that the winning response y,, is preferred over
the losing response y; for a given instruction Q is:

Pr(yw =y | Q) = exp(r(<, yw))

exp(r(Q, yw)) + eXp(T(QE%l))
where the reward r(Q,y) measures the policy
model’s preference for y and is given by 7(Q,y) =

B-1 ;Tof(é“% + B - log Z(Q), with mer and 7g
denoting the intra-trajectory and inter-agent de-
pendency models, respectively. The coefficient

B modulates the strength of regularization, and

2(Q) = X, mret(y | Q) exp (57(Q,y)) denotes
the partition function.

However, merely distinguishing between win-
ning and losing samples is insufficient for optimal
dependency modeling. Our analysis (see Sect. 4.3)
reveals that specific combinations of agent pref-
erence scores in the trajectory prefix are corre-
lated with higher response quality, compared to
settings that neglect agent dependency informa-
tion. For example, in the inter-trajectory sam-
ples presented in Fig. 3, although both y! and
y2 yield correct responses, y. should receive a
higher trajectory policy preference due to its con-
sistently elevated scores for tightly coupled agents
(such as (Retriever), (Filter), and (Locator)).

Moreover, both of these trajectories outperform all
losing samples. To address this, we propose the
dependency-aware DPO (DA-DPO) algorithm in
AMATA, guiding the policy model to better cap-
ture relative dependency relationships among agent
preference scores.

Specifically, given M winning and N losing
samples for a question Q, we first select the top-
K winning samples based on their dependency
scores, which measure the “goodness” of depen-
dency among agent preference scores as deter-
mined by prior knowledge. We treat the remaining
M — K winning samples as losing ones due to their
lower “goodness” of dependencies. These samples

are denoted as (yL,...,y% y&+1 . yM) and
M M+N

(y; H,...,yl ), where (yE+ ... yM) and

(ylM“, .. ,ylM'HV) are treated as losing samples.

Inspired by listwise Plackett-Luce preference mod-
eling (Plackett, 1975), we define the inter-agent
dependency model as follows:

Pr (yi Y= Y = v ey Y Q)
M+N-1
= > II reQuw)
f;”fLN =1
M+N-—-1
= Hfg(Q,yi)A ST fe@w)
i=1 FUEN =Kt
K
=[1/e(Qui)- > Prlyrsa> = yasn | Q)
=1 fI]ng—IN
K
=TI /e(Qu)

Il
~

k3

5)

denotes the set of all permuta-

,ym+n) and fe(Q,y:)

z}fﬁtﬁf&,y))' The set {y&+1, ... yM*tV}

denotes the rejected trajectory set for inter-agent

dependency learning, including (M — K) original
winning samples and N losing samples.

By substituting the reward from Eq. (7) into the

probability maximization objective Pr(yL = --- =

where f 1]?:1]\[

tions of (yri1,...

yl = {yBH MY | Q), we obtain the
objective of the inter-agent dependency loss:
EImer(é) (Q yw’ ’y ) 'DimerH(Qa y) (6)
M+N
Zloga —log Z exp Vg
Jj=i+1
(7N
T (Y;1Q) 75 (il Q)
where Vg = flog 220 oy — Flog 72 oy and

7883



Intra-Trajectory

Preference Learning Example Inter-Agent Dependency Learning Example

Instruction: Answer the question
based on the agent preference scores. The
higher the score, the more likely the agent
needs to be invoked to answer the question.
Then, output the answer to the following
question. (The description of the agents).
The agent scores are <Reconstructor:4>,
<Retriever:5>, <Filter:4>, <Locator:4>,

Instruction: Please provide the score of the agents in the trajectory based on the
description of them, as well as the specific trajectory generation results and answers.
(Description of agents). Question: Which American actor played fraternity president ...?

L 1 . .
Winning Samplel,, : <Reconstructor:4>, <Retriever:5>, <Filter:4>,<Locator:4>,
1 <Generator:5>, <Verifier:1> (Add specific trajectory). Robert Reed Carradine. Q,

@ Winning Sample y?u : <Reconstructor:4>, <Retriever:4>, <Filter:3>,<Locato1":5>,
<Generator:5>, <Verifier:0> (Add specific trajectory). Robert Reed Carradine.

e e N/
<G tor:5>, <Verifier:1>. . 1 . .
Qu:;f;r?' (\)I;hicfl Arrfgrli;‘;; actor plaved @ Losing Sample Y; : <Reconstructor:4>, <Retriever:1>, <Filter:2><Locator:0>,
. . " . ,,p. 4 <Generator:5>, <Verifier:4> (Add specific trajectory). Julia Mont. v
fraternity president “Lewis Skol.” in the WV

. 2 ) ) 4
@ Losing Sample Y : <Reconstructor:4>, <Retriever:0>, <Filter:1>,<Locator: 1>,
<Generator:5>, <Verifier:3> (Add specific trajectory). Julia Mont.

“Revenge of the Nerds” comedy films?
Output: Robert Reed Carradine.

Figure 3: Two-stage training examples of AMATA. Detailed annotation process and robustness verification for the
DEPENDENCY SCORES are provided in Appendix A.1.2.

Task — HealthQA  ARC-C PopQA Squad1 ASQA Average
Model | Acc. Acc. Acc. Acc. Str EM Rouge-L Mauve g
Vanilla QA Methods
Alpaca2 7B 44-78(:t1,2) 36-43(i145) 25-58(i048) 11-50(i141) 14.42(11_(5) 28.72(12_1) 51‘24(10.9) 30.38(i1,1)

Mistral-Instruct 7B 65.45(i1'4) 57.84(i0‘7) 22-37(i143)
Llama-2-Chat 7B 47.95(11¢) 47.95(111) 25.44(10s)
Vicuna-v1.5 13B 63.01(i2'0) 57~59(i049) 17-94(i145)

14.97 215y 20.80(122) 32.20(10.0) 3347118 35.30(x0.8)
14130507 16.79(10) 32.35(416) 2421(11.9) 29.83(115)
1525218y 31.95(102) 2299117 68410114 39.59+1.3
Llama-2-Chat 13B 6220(i18) 4872(i22) 2122(i19) 1597(i14) 1997(j:07) 3037(j:13) 4023(i15) 3410(i17)
QWCH—Z.S—IHS. 7B 64.02(i1'1) 51.38(i1<7) 22-35(iOA7) 17-23(i12) 18-99(i1A3) 31.65(i2‘0) 47.03(i1‘1) 36.09(i1‘2)
GPT-3.5-turbo 7608(i15) 7730(i08) 2930(i12) 2290(i16) 3994(j:14) 3573(j:07) 4463(j:23) 4655(:t14)

Knowledge-augmented Methods

Alpaca27B 26.44(:&1.7) 35.15(:{:14) 33.38(:{:1{)‘) 21.41(:&2.2) 23-59(:t0.8) 27.21(:‘:2.3) 50.09(:‘:1.5) 31.04(:‘:1.2)
REPLUG7s  41.72(41.3) 47.26(10.8) 3724215 24.23(x17) 26.54(109) 33.25(x0.9) 54.03(114) 3775417
VANILLA 7B*  29.52(11¢) 42.74(10.2) 37.52(41.7) 25920214y 3225215 3493(10s) 39.54(103) 34.63(411)
RADIT7B 5298115 62100417 38020423 23.86(108) 25.68(x14) 1599116) 12.35110) 33.00(11.
INTERACT 75 65.45(10.8) 48.12(113) 41.31(11.6) 31520114y 3454117 3551422y 4345115 42.84(10.0)
SelfRag7B* 68.99(i1'4) 65-52(i046) 40.67(i0‘3) 22-39(i143) 28.68(i1.5) 34-11(i1.7) 83.00(i2‘1) 49-05(i1.8)
LLM-based Trajectory Methods
MMAgth7B 7256(:|:07) 6443(113) 3792(i15) 2462(i08) 3413(116) 3725(112) 9011(120) 5157(i13)
SMART 7B 73.90(+1.6) 67.31(11.4) 42.88(10s) 2924(11.3) 4256117 4171415 92.32(429) 55.70(121)
SPA-RL7B'  73.23(419) 68.53(10.7) 42.72(10.1) 2946(116) 43.73(x0.8) 41.37(41.3) 91.02(115) 55.72(10.6)
GiGPO B! 73.97(115) 68.01(x18) 43.52(413) 29.97(x17) 43.88(414) 43.64(411) 92.83(119) 56.55(01)
AMATA 7B 7583108 7247116 47.39(110) 3461115 491005, 7) 48.26(13) 96.351 4 60.57111)

Table 2: Overall results of AMATA. Results of GPT-3.5-turbo are for reference only. * indicates re-implemented
methods based on the same model. T denotes the RL settings described in Appendix A.3.1. Results for other LLMs
are shown in Appendix B.3. Bold numbers represent the best results, while underlined indicate the second-best.

inter-agent dependency 10ss Liner(O) to form the
total loss:

D" and O denote the inter-agent training samples
and parameters, respectively.

3.4 Model Training and Inference Liowl = a1 - L(T) + g - Liner(O), ®)

Our AMATA framework undergoes two-stage train-

ing. First, we perform intra-trajectory preference
learning using Lnga(©), which enables the model
to acquire varying degrees of perception regarding
agent utilization within trajectories. Next, we com-
bine the basic agent prediction loss £(7") and the

thereby enhancing multi-agent cooperation in
knowledge-intensive QA tasks. Here, a; and as
are training coefficients that sum to 1. Due to space
constraints, we refer readers to Appendix C for
inference algorithm details.
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4 Experiments

We conduct extensive experiments to evaluate AM-
ATA. Due to space limitations, details regarding
trajectory data collection, baselines, and implemen-
tation are provided in Appendix A.

4.1 Main Results

As shown in Table 2, the key observations are as fol-
lows: (1) Compared to standard QA baselines, AM-
ATA significantly outperforms models with com-
parable or even larger parameter sizes. Notably, it
incorporates external knowledge through trajectory
learning, compensating for the parameter-size gap
relative to larger backbones such as Vicuna-v1.5
(13B) and Llama2-13B-Chat, especially on long-
tail knowledge tasks (i.e., PopQA, SQuAD 1.1,
and ASQA) in comparison to GPT-3.5-turbo. (2)
Knowledge-augmented methods leverage retrievers
to access external data and assist LLMs in gener-
ating informed answers; however, data noise and
excessive augmentation can significantly degrade
model performance (Fang et al., 2024). Notably, de-
spite sharing the same training data and backbone
as RADIT (Lin et al., 2024), our model achieves
a higher fluency score as measured by MAUVE.
(3) We also compare against LLM-based trajectory
methods, including the independent-agent modu-
lar training method MMAgent (comprising six in-
dependent agents), the global-local trajectory ap-
proach SMART (Yue et al., 2025), and recent long-
trajectory methods such as GiGPO (Feng et al.,
2025) and SPA-RL (Wang et al., 2025a). The re-
sults indicate that long-trajectory methods gener-
ally outperform multi-agent training approaches in
our setting. This improvement can be attributed
to RL feedback, which mitigates the cumulative
propagation of agent-action errors in longer trajec-
tories. Our method further encourages both intra-
and inter-agent dependencies within trajectories,
thereby reducing collaborative conflicts among
agents.

4.2 Ablation Study

We perform ablation studies on the critical mod-
ules involved in the training and inference pro-
cesses of AMATA. As shown in Table 3, during
training, removing Ly prevents the modeling
of associations between agents (e.g., knowledge
agents and verifiers), resulting in unresolved collab-
orative conflicts and the steepest decline in model
performance. Additionally, removing the basic tra-

Task — HealthQA ARC-C  PopQA  ASQA
Model | Acc. Acc. Acc. Str_EM
Training ablation
AMATA 75 75.83 72.47 47.39 49.10
w/0 Lintra 7291 70.05 44.32 45.28
w/o Linter 70.86 67.57 41.13 42.94
WLy 7203 6978 4324 4462
w/o A 73.38 70.50 4541 46.95
w/o Axr 72.66 69.98 44.27 45.12
w/o Aav 73.13 69.34 45.20 45.85
Inference ablation
w/o Ar 73.57 70.83 45.75 47.26
w/o Axr 72.99 70.15 44.89 45.37
w/o Aay 73.36 70.29 4541 47.50

Table 3: Training and inference ablation of key trajec-
tory learning modules and agents in AMATA.

jectory loss £(7") causes a significant performance
drop, as it impairs the semantic modeling of agent
trajectories.

From the perspective of individual agents, re-
moving Akr fails to effectively reduce noise in the
data retrieved by Akg, leading to a marked decline
in performance. Removing the verifier agent Ay
eliminates the verification of generated trajectory
answers, which may cause hallucinated outputs
and subsequently degrade results. Due to variabil-
ity in question content, Ajg is essential for enabling
semantic understanding of user queries; thus, its
removal also adversely affects overall performance.

4.3 Detailed Analysis

In this section, we conduct an in-depth analysis
of the adaptive cooperation among AMATA agents,
elucidating its advantages in both performance and
efficiency. Due to space limitations, computa-
tional cost comparison, LLM backbones, hy-
perparameter analysis, and case studies are pre-
sented in Appendix B.

Agent Dependency Analysis. We adopt differ-
ent DPO methods to investigate whether compar-
ing winning and losing examples can enhance de-
pendencies among agents. Specifically, we com-
pare our DA-DPO method with DPO (Rafailov
et al., 2023) and full-order DPO (FDPO) (Rafailov
et al., 2023). The DPO method utilizes only a
single pair of winning and losing QA samples,
while FDPO leverages the same number of sam-
ples as our method but ranks them using full-order
learning derived from the magnitude of prefer-
ence scores. Additionally, we compare our DA-
DPO with global-local (SMART) and RL-based
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Figure 4: Agent dependency analysis across preference
methods. “DA-DPO”, “FDPO”, “GL”, and “RL” refer
to our DA-DPO, full-order DPO, global-local trajectory,
and reinforcement learning, respectively.

SelfRag

—— SMART —— GiGPO

Figure 5: Average token consumption per question.

(GiGPO) approaches.

In Figure 4, our DA-DPO method consistently
outperforms the other DPO-based approaches. This
improvement is attributed to its fine-grained pref-
erence learning for trajectories in multi-agent col-
laboration, guided by preference scores. Subtle
differences in scores for winning examples effec-
tively reflect strong correlations between agents,
while the inclusion of losing samples and winning
examples with weaker scores helps distinguish less
dependent relationships. Methods that do not ex-
plicitly account for pairwise preference data or that
rely on FDPO-style comprehensive sorting tend to
reduce overall model effectiveness. Regarding the
global-local trajectory and RL-based approaches,
their results exhibit greater consistency compared
to DPO and FDPO. We hypothesize that this im-
provement arises because global-local fusion and
RL step-level feedback enhance supervision of fine-
grained agent dependencies (Du et al., 2024).

Token Consumption. In Figure 5, we compare the
number of tokens processed by two base models
(Llama2-7B and Qwen2.5-7B) when solving ques-
tions across different multi-agent frameworks. We
observe that: (1) Although knowledge-augmented
methods consume fewer tokens via a single en-

Health
82.5
80.0
S
~ 775
>
@
5 75.0
o
< 725
70.0
4 6 10 15 20
Trajectory Length
ARC-C
77.5 4
75.0 A
< 7251
3
> 70.0
[}
C 67.5
]
S 65.0 -
< —8— AMATA
62.5 1 —#— SMART
60.0 - —&— GiGPO

4 6 10 15 20
Trajectory Length

Figure 6: Performance of LLM-based trajectory meth-
ods relative to trajectory length.

hancement step, their performance remains mod-
est, as shown in Table 2. (2) Compared with the
global-local trajectory baseline SMART (Yue et al.,
2025), although SMART involves fewer agent in-
teractions, AMATA not only maintains comparable
token overhead but also significantly outperforms
it in terms of performance (+4.87%). This improve-
ment stems from our adaptive agent preference
learning, which enables AMATA to dynamically
adjust interactions among knowledge agents (i.e.,
Akr, Akr, and Agr ) and other agents, greatly re-
ducing token consumption. (3) By contrast, RL-
based methods require multiple rollout sessions to
compute advantages, resulting in the highest token
consumption (+70%). Moreover, due to the ab-
sence of real-world step-level reward signals, these
methods introduce noisy data to the knowledge
agents, leading to reduced performance (-4.02%).

Generalization by Trajectory Length. Figure 6
compares the performance of LLM-based trajec-
tory methods as trajectory length increases, i.e.,
as the number of agents in the multi-agent sys-
tem grows. Constructing longer trajectories sim-
ulates multi-agent environments by introducing
more agents to evaluate whether retrieved docu-
ments are properly filtered and located. We ob-
serve that when the number of agents is relatively
small, our adaptive preference learning method and
the global-local trajectory method outperform the
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RL approach. We hypothesize that shorter trajecto-
ries facilitate simpler and more direct end-to-end
supervised training. By contrast, RL-based meth-
ods require the computation of advantage values
based on feedback at each step, which can hinder
the timely propagation of feedback to local agents.
However, as trajectory length increases, the RL-
based method gradually improves results due to the
cumulative effect of reward feedback and iterative
rollout learning. Meanwhile, other methods suffer
from excessive error accumulation, resulting in per-
formance degradation. In this paper, knowledge
QA tasks generally involve short trajectories (fewer
than 10 steps), while GUI tasks typically involve
long trajectories (more than 50 steps) (Yao et al.,
2022).

5 Conclusion

We propose an adaptive multi-agent trajectory
framework, AMATA, which enhances LLMs by ef-
fectively incorporating external knowledge to solve
knowledge-intensive QA tasks. Our key innova-
tions in intra-trajectory and inter-agent preference
learning enable prioritization of critical agents and
accurate modeling of cross-agent dependencies.
Experiments on diverse knowledge-intensive QA
benchmarks demonstrate the effectiveness and effi-
ciency of our approach.

Limitations

Despite the promising results achieved by AMATA,
our work has several limitations that warrant further
investigation. Due to constraints in computational
resources, our experiments were conducted primar-
ily on a 7B-parameter model. We anticipate that
scaling up to larger models (e.g., 70B parameters
or beyond) could further enhance performance, par-
ticularly for more complex knowledge-intensive
tasks. Additionally, the number of winning and
losing samples used in our dependency-aware DPO
was limited to M = N = 10, which may not fully
capture the diversity of inter-agent dependencies
in more heterogeneous task settings. We set the
Top-K value to 5 for ranking winning examples,
a conservative choice that balances efficiency and
effectiveness but may overlook finer-grained pref-
erence structures. Future work will explore larger
sample sizes and more adaptive ranking strategies
as computational capacity increases.
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A Detailed Experimental Settings

A.1 Datasets and Evaluation Metrics

A.1.1 Trajectory Training Set Construction

Our trajectory data are collected from open-
source long-trajectory datasets provided by Self-
RAG (Asai et al., 2024) and SMART (Yue et al.,

2025), which together include 140,000 well-
designed instances.” Trajectory data for two ad-
ditional agents are derived from the previously
constructed basic trajectories. Figure 8 illustrates
the collection process for (Filter) trajectory data,
which is guided by the (Retriever) step and sub-
ject to subsequent (Locator) constraints. Data col-
lection for the (Verifier) trajectory is performed
after the (Generator) step, and aims to verify an-
swer robustness as shown in Figure 9.

A.1.2 Trajectory Scores

As shown in Figure 10, intra-trajectory scores are
computed based on QA pairs and two demonstra-
tion examples. Additionally, inter-trajectory score
data are annotated using demonstration examples
with varying task instructions, as depicted in Fig-
ure 11. A comprehensive training example is pro-
vided in Figure 12. Inter-dependency preference
data are sorted based on the sum of scores across
trajectories.

There are two primary types of agents involved
in scoring: knowledge agents, and generator/veri-
fier agents. Knowledge agents are essential when
multi-agent systems require external knowledge to
solve complex questions. Generator/verifier agents
are associated with the confidence level of LLMs
during answer generation.

To better elucidate the rationality of our scor-
ing process, we provide a detailed rubric for agent
preference scoring in Table 4. For example, for
the question “Which American actor played fra-
ternity president “Lewis Skol.” in the “Revenge
of the Nerds” comedy films?” (see Figure 3), the
LLM annotator correctly assigns high scores to
the knowledge agents (Retriever=5, Filter=4,
Locator=4) as it identifies the need for specific
external knowledge, and assigns a low score to
the Verifier due to high confidence in the retrieved
evidence.

We verify the reasonableness of these scores
through two approaches: ablation studies and cor-
relation analysis.

* Ablation Study as Direct Evidence: The
most direct validation is to observe perfor-
mance changes when removing an agent
deemed important according to the score. Our
ablation study (Table 3) provides strong ev-
idence that the LL.M-assigned preferences

’The open-source trajectory data are avail-

able at  https://huggingface.co/datasets/ShengbinYue/
Long-short-Trajectory.
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Agent Roles High Score (4-5) Condition Low Score (0-1) Condition

Question can be answered with
the LLM’s parametric
knowledge alone.

Question requires external,
long-tail, or specific factual
knowledge.

Retriever/Filter/Locator

The answer is complex, potentially The answer is straightforward

Verifier ambiguous, or requires high factual or the confidence from previous
precision. steps is very high.
The user instruction is complex, ..
. . pre The question is already
Reconstructor multi-hop, or requires semantic .
. simple and well-structured.
parsing.
Generator Always required (baseline score of 5). N/A

Table 4: Detailed rubric for different agent roles in preference scoring.

Group Knowledge Agent Scores PopQA Accuracy * DPO Score Examples: To aid the LLM in un-

Group 1 1.2 22.5% derstanding our scoring process, we provide
Group 2 3] 41.8% two examples as demonstrations in the API
Group 3 ) BA% input prompts, shown in Figure 7.

In summary, while annotation is performed by an
LLM, it is grounded in a structured, semantically
meaningful rubric. More importantly, its effec-
tiveness is empirically confirmed through ablation
studies and correlation analysis, demonstrating that
the learned preferences contribute directly to the
framework’s performance and efficiency.

Table 5: Correlation analysis of the reasonableness of
LLM-generated preferences. “Group 17, “Group 27,
and “Group 3” correspond to low, medium, and high
knowledge requirements, respectively.

align with the agents’ actual functional im-
portance. For example, on PopQA (a long-tail

knowledge dataset), removing Agg (typically A.1.3 Evaluation Datasets and Metrics

high-scored) results in a ~3.1% performance
drop, the largest among single-agent ablations.
This confirms that the LLM annotator cor-
rectly identifies the critical need for retrieval
in such tasks. Conversely, removing Aay has
a smaller but still notable impact, particularly
on factuality-focused tasks like ARC-C and
ASQA, justifying its medium-to-low but non-
Zero Scores.

Correlation Analysis: To further support
our claim, we conduct a correlation analy-
sis on a sample of 200 questions from the
PopQA dataset, comparing the average pref-
erence score assigned to the three knowledge
agents (Retriever, Filter, Locator) against fi-
nal task accuracy. As shown in Table 5, the
strong positive correlation demonstrates that
higher LLM-assigned preference scores for
knowledge agents correspond to significantly
improved accuracy, thus quantitatively con-
firming the reasonableness of the scores.
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* Fact Verification: PubHealth (also referred
to as HealthQA) (Akhtar et al., 2022) is a
public health fact-checking dataset. Model
performance is evaluated by accuracy (Acc.)
on its test set of 987 samples labeled “True”
or “False”.

Multiple-choice QA: ARC-Challenge (Clark
et al., 2018) consists of 1,172 multiple-choice
science exam questions. Performance is mea-
sured by accuracy (Acc.).

* Open-domain QA: (1) PopQA (Mallen et al.,
2022) contains 1,399 long-tail, rare-entity
queries from Wikipedia. (2) SQuAD (Ra-
jpurkar et al., 2016) includes 8,886 queries
written by annotators based on documents.
Following prior work (Asai et al., 2024),
performance is evaluated using exact match
(EM).

* Ambiguous QA: ASQA (Gao et al., 2023)
features 4,132 ambiguous factual questions



Instruction

Winning Example (Retriever: 5)

Please provide the score of the agents in

the trajectory based on the description of
them...(Description of agents). Question:
Is the following statement correct or not?

Say true if it's correct; otherwise say false.

<Reconstructor:4>, <Retriever:5>, <Filter:4>,<Locator:4>, <Generator:5>,
<Verifier:1>. <|[Reconstructor|>:Search(A block is also called something
else.)</eoi><Retriever>[ 1] Hamming scheme formula 33 xxx Each edge [2]
Block (basketball)\nBlock (basketball) xxx for shooter.</eor> <Filter>[2]
Block (basketball) Block (basketball) In basketball, xxx field goal attempt for
shooter.</eof> <|Locator|> [Relevant]: [2] Block (basketball)\nln basketball , a
block or blocked shot occurs when a defensive player legally deflects a field
goal attempt from an offensive player .</eol><|Generator[>:\ntrue\n[Cite]:
[2]"}</eog><Verifier> The answer does not require verification. </eov>

Instruction

Losing Example (Retriever: 1)

Please provide the score of the agents in
the trajectory based on the description of
them...(Description of agents). Question:
Is the following statement correct or not?
Say true if it's correct; otherwise say false.

<Reconstructor:4>, <Retriever:1>, <Filter:0>,<Locator:1>, <Generator:5>,
<Verifier:5>. <|Reconstructor|>:Search(A block is also called something
else.)</eoi><Retriever>None <Filter>None</eof> <|Locator[> None
</eol><|Generator[>: False"}</eog><Verifier> The answer is false. </eov>

Figure 7: Examples of different preference scores for (Retriever).

“Filter ” Trajectory Data Collection

“Verifier” Trajectory Data Collection

Input: Q

<Reconstructor> ql, g2, ... </eor>
<Retriever>

[1] xxxxXXXXX

[2] xxxxXXXX

[3] xxxXXXXXX

</eor>

<Filter>

—
—

=
(=
5
o
[¢]
=
=
=)
o
o)
[¢]
<
3
[¢]
=
-+
2]

i

I

Subsequent data format: h
<Locator> ’

<eol>

[Irrelevant]:[2] Lacking Supporting Facts.
[Irrelevant]:[3] Lacking Supporting Facts.

Input: Q

<Reconstructor> ql, g2, ... </eor>
<Retriever>

[1] xxxxxXXX

[2] xxxxxxXXX

[3] xxxxxxXX

</eor>

<Filter>

[1] the entir documents

<eof>

<Locator>

[Relevant]:[1] some sentence
[Irrelevant]:[2] Lacking Supporting Facts.
[Irrelevant]:[3] Lacking Supporting Facts.
<eol>

<Generator> ) [Cite]: [1] </eog>
<Verifier>

Figure 8: Collection of “Filter” trajectory data.

requiring long-form responses. Fluency is

The answer is correct.
</eov>

Figure 9: Collection of “Verifier” trajectory data.

assessed using Mauve, and accuracy is mea-

sured with Str_EM and Rouge-L, consistent

with official evaluation settings.

A.2 Baselines
A.2.1 Vanilla QA Methods

LLMs acquire extensive factual knowledge, in-
ternalized within their model parameters through
large-scale unsupervised pre-training. During both
training and inference, we adhere to official prompt

formats.

* SFT and preference alignment models:
GPT-3.5-turbo (ChatGPT)?, Llama-2-Chat-
7B (Touvron et al., 2023), and Llama-2-Chat-
13B (Touvron et al., 2023).

* SFT models: Instruct-v0.2-7B (Jiang et al.,
2023), Vicuna-v1.5-13B (Zheng et al., 2023),

3We use the gpt-3.5-turbo-0125 version in experiments.
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Intra-trajectory Preference Scores Annotation

¢ Scores’ Annotation Prompt

As an assistant, your task is to score the multi-agent tools in the tr-
ajectory based on the questions and answers. The higher the score,
the greater the like-lihood of invoking the agent tool to solve the
ques-tion. Among them, each agent scores 0-5 points and the ans-
wer results must strictly follow the JSON format.

There are some examples for you to refer to:

Example 1:

Input: “(Description of agents.) question: which American

actor played fraternity president ‘‘Lewis Sko.”” in the ‘‘Revenage
of the Nerds? answer: Robert Reed Carradine.”

Output: {“Reconstructor”: 4, “Retriever”: 4, “Filter”: 4, “Locator”:
4, “Generator™: 5, “Verifier”: 1}

Example 2: ...

Input: “(Description of agents.) question: Which person has had
sold more books than the other, Larry Baker or Michael Crichton?
answer: Michael Crichton.”

Output: {“Reconstructor”: 4, “Retriever”: 5, “Filter”: 4, “Locator”:
5, “Generator”: 5, “Verifier”: 0}

Figure 10: Intra-trajectory score collection.

Qwen2.5-7B-Instruct (Qwen Team, 2024),
and Alpaca2-7B*.

A.2.2 Knowledge-Augmented Methods

We implement standard knowledge augmentation
approaches. When model weights are unavailable,
methods are replicated using the same base models
and training data. Uniform retrieval models and
knowledge bases ensure experimental fairness.

* REPLUG (Shi et al., 2024) uses frozen LLM
parameters and augments them with a tunable
retrieval model. In our experiments, the back-
bone is replaced with Llama-2-Chat-7B for
fairness.

e VANILLA-7B (Gao et al., 2023) first retrieves
relevant passages, then instructs the model
to assess document relevance and generate
appropriate citations. The backbone is Llama-
2-Chat-7B.

* INTERACT-7B (Gao et al., 2023) employs
an interactive prompting mechanism that en-
ables the agent to verify retrieved passages
through three distinct actions: “Check”, “Out-
put”, and “End”. The backbone is Llama-2-
Chat-7B.

e RADIT-7B (Lin et al., 2024) introduces
retrieval-augmented dual instruction tuning,

“https://github.com/tatsu-lab/stanford_alpaca

a lightweight fine-tuning framework that
retrofits existing LLLMs with retrieval capa-
bilities, offering an alternative to conventional
methodologies. For fair comparison, the pre-
trained Llama-2 model is fine-tuned on the
same dataset used in our experiments.

* SelfRAG-7B (Asai et al., 2024) enhances lan-
guage model quality and factuality through
retrieval and self-reflection with special to-
kens.

A.2.3 LLM-Based Trajectory Methods

Through multi-agent collaboration, LLMs with dis-
tinct task capabilities can be coordinated to form
workflows that enhance response reliability.

* MMAgent-3*7B: Our modular multi-agent
framework, in which each component agent
is independently trained on identical datasets
while sharing the same pre-trained Llama-2
backbone. The workflow is realized through
systematic agent decoupling.

* SMART (Yue et al., 2025): A global-local
multi-agent framework with predefined trajec-
tories.

* GiGPO (Feng et al., 2025): Proposes a hierar-
chical architecture that evaluates both global
trajectory quality and local action effective-
ness, while eliminating the need for auxiliary
models or additional rollouts. This paradigm
ensures superior scalability for long-horizon
LLM agent training.

* SPA-RL (Wang et al., 2025a): Proposes a
general reward redistribution framework that
systematically decomposes the final reward
into stepwise contributions, with each com-
ponent accurately reflecting its incremental
impact on overall task completion.

A.3 Experimental Settings
A.3.1 Training Details

Our implementation is initialized with the pre-
trained Llama-2-7B foundation model (Touvron
et al., 2023). Each agent is initialized as an inde-
pendent large model, emulating distinct agent abil-
ities through special tokens in both intra- and inter-
trajectory training. These abilities are acquired by
training a shared model (Asai et al., 2024; Yue et al.,
2025; Qiao et al., 2025). Training is performed on
two NVIDIA A100 GPUs (80GB each), utilizing
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Inter-agent Dependency Scores Annotation

« Inter-agent Dependency Scores Annotation Prompt

There are some examples for you to refer to:
Example 1:

answer: Robert Reed Carradine.”

Example 2: ......

As an assistant, your task is to score the correlation between mutli-agent tools in the trajectory based on the question and answer, with a score
ranging from 0 to 5. Scores with high correlation are scored higher among each other, while scores with low correlation are scored lower. Based
on different cor-relation scores, gene-rating 5 related score trajectories as “winning examples”, and then generating 5 trajectories with completely
opposite correlation scores as “losing examples”. The answer results must strictly follow the JSON format.

Input: “(Description of agents.) question: which American actor played fraternity president ‘‘Lewis Sko.’” in the ‘‘Revenage of the Nerds?

Output: {“winning example 1”: {*Reconstructor”: 4, “Retriever”: 4, “Filter”: 4, “Locator”: 4, “Generator”: 5, “Verifier”: 1},
“winning example 2”: {“Reconstructor”: 4, “Retriever”: 5, “Filter”: 5, “Locator”: 4, “Generator”: 5, “Verifier”: 0}.
“winning example 3”: {“Reconstructor”: 4, “Retriever”: 4, “Filter”: 4, “Locator”: 4, “Generator”: 5, “Verifier”: 1}, ......
“losing example 1”: {“Reconstructor”: 4, “Retriever”: 1, “Filter”: 2, “Locator”: 0, “Generator”: 5, “Verifier”: 5},

“losing example 2”: {“Reconstructor”: 0, “Retriever”: 0, “Filter”: 1, “Locator”: 0, “Generator”: 5, “Verifier”: 4}, ...... }

Input: “(Description of agents.) question: When is the director of film The Three Musketeers Of The West 's birthday? answer: 23 October 1931”
Output: {“winning example 1”: {“Reconstructor”: 5, “Retrieval”: 5, “Filter”: 4, “Locator™: 5, “Generator”: 5, “Verifier”: 0} ......

Figure 11: Inter-trajectory score collection.

User Instruction: Given some answer candidates, choose the best answer choice. You can use the following agents in trajectory including (Description of

the fol

statement correct or not? Say true if it's correct;

therwise say false. Roche's schizophrenia drug misses goal in two late-stage trials.

Intent Reconstructor: Roche's schizophrenia drug misses goal in two latestage trials.

Knowledge Retriever: [1] Bitopertin. 66% on placebo (p<0.05, per-protocol population). I January 2014, Roche reported that bitopertin failed
tomeet its endpoints in two phase 111 trials assessing its efficacy in reducing negative symptoms of schizophrenia. Subsequently, in April 2014, Roche
announced that it was discontinuing all of its phase III trials of bitopertin forschizophrenia except for one...... [2] Tamas Bartfai. for 'heartburn', as a
consultant to Roche, the catechol-O-methyltransferase inhibitor (Tasmar-tolcapone) used inParkinson's Disease, the first benzodiazepine—antagonist
(flunitrazepam) for treatment of benzodiazepineoverdoses, and as a consultant to Novartis the sphingosine 1-phosphate agonist gilenya-fingolimod as the
firstoral multiple sclerosis drug...... [3] LY-404,039. Eli Lilly and Company announced their decision to stop their ongoing clinical studies investigating
LY-2140023as a treatment for schizophrenia after their phase II study did not meet its primary endpoint. The companycompleted a phase 11, randomized,
double-blind, placebo- and active-controlled, parallel-group-assignment,dose-ranging, inpatient, multi-center clinical trial. Patients were randomized to
receive 5, 20, 40, or 80 mg of LY-2140023, placebo, or olanzapine for 28 days......

Knowledge Filter: [1] Bitopertin. 66% on placebo (p<0.05, per-protocol population). /n January 2014, Roche reported that bitopertin failed
tomeet its endpoints in two phase I11 trials assessing its efficacy in reducing negative symptoms of schizophrenia. Subsequently, in April 2014, Roche
announced that it was discontinuing all of its phase 111 trials of bitopertin forschizophrenia except for one......

Response Generator: True [Cite]: [1]

Answer Verifier: The answer is correct.

Knowledge Locator: [Relevant]: [1] Bitopertin. In January 2014, Roche reported that bitopertin failed tomeet its endpoints in two phase ITI
trials assessing its efficacy in reducing negative symptoms ...... [Irrelevant]: [2] Lacking Supporting Facts [Irrelevant]: [3] Lacking Supporting Facts

Figure 12: Complete response example from PubHealth.

LoRA adaptation (Hu et al., 2022) for intra- and
inter-trajectory learning. Both trajectory learning
phases span three epochs with uniform hyperpa-
rameters: batch size of 64, peak learning rate of
6 x 1074, and 5% warmup steps. The maximum
sequence length is 1024 tokens for intra-trajectory
and 2048 tokens for inter-trajectory training, with
DeepSpeed Stage-3 (Rasley et al., 2020) applied to
optimize GPU memory utilization.

Due to the advantage of supervision at inter-
mediate agent training steps, RL-based trajectory

methods such as GiGPO (Feng et al., 2025) and
SPA-RL (Wang et al., 2025a) outperform simple
multi-agent baselines. Specifically, we assign in-
termediate steps in the GiGPO trajectory to the
six multi-agent actions we define. The final re-
ward signal for correctly predicted answers is set
to 1, and to —1 for incorrect answers. GiGPO
obtains intermediate reward signals by implicitly
learning episode-relative advantages and thus does
not require manual specification in the task dataset.
SPA-RL, however, necessitates explicit process su-
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pervision signals at intermediate steps (Wang et al.,
2025a). Here, we utilize GPT-40 (gpt, OpenAl.
2023) to score each step, providing intermediate
human feedback as accurate as possible. The final
reward setting matches that used for GiGPO.

A.3.2 Evaluation Details

For the two additional agents—knowledge fil-
ter ((Filter)) and verifier ((Verifier))—if
(Filter) outputs retrieved document indices not
present in (Retriever), we remove them. If all in-
dices are filtered out, we retain the first one. If the
output trajectory includes (Verifier), the answer
requires further verification. If the (Verifier) out-
put is “wrong”, we incorporate the error signal into
the instruction via the prompt and re-execute the
trajectory for LLM reflection. Otherwise, we ex-
tract the answer from (Generator). Other settings,
including evaluation task instructions, follow those
of the SMART model (Yue et al., 2025).

A4 Agent Description

We extend the SMART (Yue et al., 2025) frame-
work by adding two essential agents to further en-
hance the reliability of LLM responses: the Knowl-
edge Filter and Answer Verifier.

« Intent Reconstructor: Agent A elucidates
user question intent. To process diverse in-
structions into well-formatted intents, the
agent employs four key capabilities: (1) in-
tegrating contextual clues, (2) identifying key
queries, (3) unifying task formulation, and (4)
decomposing intent.

¢ Knowledge Retriever: Given the recon-
structed question, agent Agg retrieves supple-
mentary knowledge from an external knowl-
edge base (e.g., Wikipedia). For simple ques-
tions, AMATA may skip intermediate knowl-
edge agents (i.e., Aggr, Akr, and Agy) and
directly invoke the response generator Agg.

* Knowledge Filter: To eliminate redundant
information from retrieved documents, agent
Axr extracts the most accurate background
knowledge. Concurrently, Agxgp empowers
the locator agent Aky, to constrain the search
scope and perform fine-grained identifica-
tion of knowledge supportive to the generator

-ARG .

* Knowledge Locator: Operating on the re-
fined document set from Agp, agent Agy per-

forms granular localization to identify and ex-
tract knowledge segments most conducive to
response generation by Agrg.

* Response Generator: Agent Agg synthe-
sizes responses in two modes: when knowl-
edge segments are supplied by Agy, it gen-
erates answers constrained by localized evi-
dence with explicit source attribution; other-
wise, it relies solely on parametric knowledge.
The generator maintains provenance trans-
parency by clearly differentiating evidence-
based and intrinsic knowledge sources.

» Answer Verifier: Agent Asy performs self-
correction by re-examining the generated re-
sponse against relevant knowledge sources,
identifying inaccuracies through evidence-
based verification, and applying targeted revi-
sions to enhance factual consistency and logi-
cal coherence.

We further detail the steps for the relevant agents
(i.e., A, Akr, and Aay) to clarify how spe-
cific agent trajectory data are constructed. For
other agents’ data collection steps, refer to Self-
RAG (Asai et al., 2024).

* Intent Reconstructor: Within multi-turn di-
alogues, this agent models dependencies to
capture long-term intent. When processing
noisy instructions, it eliminates extraneous
content to isolate essential questions. For di-
verse task formats (e.g., multiple-choice QA),
the agent standardizes inputs into a cohesive
query representation. For complex multi-hop
questions (e.g., “Who was born earlier,
person A or person B?”), it decomposes
them into atomic intents, such as retrieving
each individual’s birthdate. By flexibly ap-
plying these capabilities, the agent derives a
well-structured query intent, facilitating exter-
nal knowledge retrieval.

* Knowledge Filter: Prompt-induced halluci-
nations may cause the filter Agr to generate
documents and indices not present in the re-
triever Aggr. To address this, we implement
rigorous content verification procedures to en-
sure filtered content remains consistent with
original sources. Additionally, if filtering re-
moves all documents, the top-ranked docu-
ment based on the retriever’s scores is re-
tained.
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* Answer Verifier: For responses marked “cor-
rect” by agent Aay, the reasoning process for
that question is terminated. Conversely, for
responses marked “wrong,” error signals are
incorporated into the instruction Q via con-
catenation. This encourages the multi-agent
trajectory to adopt a reasoning mode that con-
siders potential errors, prompting deeper re-
flection and improving the model’s reasoning
accuracy.

B Additional Experimental Results

B.1 Data Size and Computational Cost
Comparison

In Figure 13, we present a detailed comparison of
the training data size and computational cost for
AMATA and its key baselines. All experiments are
performed using identical hardware settings (2 x
NVIDIA A100 80GB GPUs) to ensure fairness.

We observe the following: (1) Data Efficiency:
The total data consumption of AMATA (~65,000
samples) is substantially lower than that of SMART
(~500,000 samples) and is comparable to SelfRAG.
Most importantly, the proposed DA-DPO stage is
highly data-efficient, requiring only ~5,000 expert-
ranked samples to effectively learn complex inter-
agent dependencies. This is a fraction of the data
used by other training stages and baselines.

(2) Computational and Training Time Effi-
ciency: [1] Compared to SMART, AMATA re-
quires less than half the training time (~20 hours
vs. ~45 hours), mainly because pre-training on a
massive, separate short-trajectory dataset is unnec-
essary. Our intra-trajectory learning consolidates
this into a single, more efficient stage. [2] Com-
pared to RL methods (GiGPO), AMATA is 34
times faster. RL training is notoriously slow due to
multiple rollouts and per-step reward computation,
whereas our DA-DPO stage performs stable, offline
optimization. [3] The additional cost of DA-DPO
over standard DPO is minimal (an extra ~5 hours),
as it utilizes the same computational framework but
employs a more sophisticated loss function.

B.2 Hyperparameter Sensitivity Analysis
B.2.1 Loss Coefficients

We evaluate the impact of the loss coefficients in
the total loss Lo by experimenting with five dif-
ferent pairs of values for a; and ap. As shown in
Figure 14, our model achieves optimal performance

when the coefficients are balanced (i.e., a; = 0.5
and a = 0.5).

B.2.2 Number of Winning and Losing
Samples

In Figure 15, we analyze the effect of varying
the number of winning and losing samples, de-
noted M and N, as well as the top-K value in our
dependency-aware DPO framework. We observe
that increasing M and N causes model perfor-
mance to gradually decline, likely due to the intro-
duction of excessive retrieval noise. Consequently,
we set both M and N to 10. With M = N = 10,
we further investigate how different values of K
affect performance across winning examples. Our
findings indicate that choosing K as the midpoint
of M yields optimal results. Therefore, we set
K = 5 to achieve the best performance reported in
Table 2.

B.3 LLMs’ Backbone Analysis

Our AMATA framework decouples the model ar-
chitecture from backbone selection. We further
evaluate several state-of-the-art LLMs, including
Llama-3 (Dubey et al., 2024) and GPT-40 (gpt,
OpenAl. 2023), to validate the effectiveness of our
method, using Llama-3-Instruct (8B) as the back-
bone. As shown in Table 6, trajectory planning
methods based on RL demonstrate even greater po-
tential when enhanced LLLM capabilities are avail-
able. We speculate that stronger foundational abil-
ities are unlocked by post-RL training, which in-
trinsically provides planning skills for multi-agent
tasks (Sun et al., 2024). Our AMATA consistently
exhibits performance improvements as the underly-
ing backbone is strengthened.

B.4 Case Study

In this section, we present a case study analyzing
our AMATA framework alongside other trajectory
training paradigms, including MMAgent, SMART,
and GiGPO.

The complete response generated by AMATA is
shown in Figure 12. The user instruction pertains to
retrieved document index “[1]”, enabling Axp and
Ak to make accurate inferences based on the docu-
ment. Moreover, sufficient external documentation
supports the LLM’s inference, resulting in high
confidence in the generated answer. Our answer
verifier, Aay, confirms that no further validation is
required.
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Method Training Total Estimated Training Key Computational
ethods Paradigm Training Data Time (Hours) Step
End-to-End Single-stage SFT on
a ~ 120K ~
Sel-RAG SFT 18 all trajectories
SMART Two-Stage ~ 140K (Long) + ~ 25 (Short) + Two-stage SFT on massive
SFT ~ 360K (Short) ~20 (Long) = ~ 45 short & long trajectories
GiGPO Reinforment ~120K (Base ~ 60-80 Expensive policy rollouts and
(RL) Learning trajectories) (High variance) advantage estimation
AMATA SFT + DA-DPO ~60K (Intra) + ~15 (Intra) + DA-DPO requires iny 5K
(Ours) ~5K (Inter) = ~ 65K ~5 (Inter) = ~20 preference pairs

Figure 13: Comparison of training data size and computational cost for various baselines and our AMATA model.

Task — HealthQA  ARC-C PopQA Squad1l ASQA Average
Model | Acc. Acc. Acc. Acc. Str EM Rouge-L Mauve g
Llama-3-Ins.8B 64.39(i0'9) 53~44(i1,5) 22-73(i1,2) ]6-24(i048) ]8.85(i1<7) 33.48(i1.5) 37.65(i0.7) 35-25(i1A3)
GPT40  79.24(x1.0) 80.71(115) 30.94(511) 24.83(x15) 44.02(x00) 36920117 47.5311.6) 49.17(411)
RADIT 8B 5529(:11) 64.88(11.0) 41150516 24.97(111) 2901118 17.22(110) 13.86(108) 35.20(117)
SelfRag 8B 70.89(+1.6) 68.14(4+1.2) 43.55(4+1.5) 26.06(1+0.8) 30.95(+1.1) 35.98(11.0) 87.12(42.1) S1.81(41.2)
SMART 8B 75.9911.6) 72.81(z0.6) 47.66(112) 33.05(i14) 45.74(116) 4495112 9480112 5929108
SPA-RL 8B  76.88(+1.7) 72.98(+1.3) 46.85(+1.3) 34.51(+1.8) 46.63(+1.2) 45.57 107y 94.93(11.1) 59.76(41.1)
GiGPOSB  77.20(11.0) 73.84(107) 47.29(117) 3405112 4575118 46.98(510) 95.62(117) 60.10(11.6)
AMATA SB 78.74(:':1'2) 74'11(:|:1.0) 49'62(:|:1.6) 37'80(i142) 50'83(i145) 51.57(i1‘1) 96.92(11_8> 62.80(11_3)

Table 6: Overall results of AMATA with other backbone LLMs.

B (a,2) =(0.8,0.2)

(ar.a) =(0.6,0.4)
E (a).@) =(05.0.5)
(a2 =(0.6,0.4)
B (a1.@) =(02.0.8)

55

09

Figure 14: Averaged performance of AMATA corre-
sponding to different loss coefficients oy and ao.

In contrast, other trajectory learning paradigms
face various types of errors. As shown in Figure 16,
since MMAgent trains each agent independently,
internal connections within the trajectory are ne-
glected. This causes the retriever to fail to fully
comprehend the semantics of the user’s question,
especially when retrieved documents are labeled
“None”. Consequently, the combined operation of
knowledge retriever Axg, Akr, and Axp. does not
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Figure 15: Impact of selecting the K value for winning
and losing samples on model performance.

effectively contribute to the LLM’s inference.

As shown in Figure 17, SMART benefits from
predefined global-local trajectory training and pro-
duces a generally correct trajectory path. However,
both SMART and GiGPO, as shown in Figures 17
and 18, fail to account for dependencies between
inter-agent processes. This oversight introduces ex-
ternal noise into the retrieved documents, resulting
in inaccurate overall trajectories.
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User Instruction: Given some answer candidates, choose the best
answer choice. You can use the following agents in trajectory including
Description of agents). s the following statement correct or not? Say true
if it's correct; otherwise say false. Roche's schizophrenia drug misses goal in
two late-stage trials.

Intent Reconstructor: Roche's schizophrenia drug misses
goal in two latestage trials.

Knowledge Retriever: None

Modular
Knowledge Filter: None T ra 1 n 1 n g
Knowledge Locator: None ,’

Response Generator: False <---~"

=" | Answer Verifier: The answer is correct.

Figure 16: Complete response example from MMAgent.

C Inference

Algorithm 1 gives an overview of inference in our
AMATA framework. During inference, AMATA first
analyzes the query to determine whether external
knowledge is required. If not, it directly generates
and verifies the answer. Otherwise, it retrieves
and filters relevant documents, then generates a
grounded response. The answer is subsequently
verified; if found incorrect, the process iterates
with updated instructions to refine the response.
The specific steps are as follows:

 Step 1: We utilize the intent reconstructor Ar
to decompose the user prompt Q. If the ini-
tial trajectory head token h = hgrg indicates
that the question can be answered directly by
the LLM without external knowledge, the re-
sponse agent Arg generates the answer ).
Subsequently, the answer verifier checks the
consistency of the generated response. (Lines
1-13)

e Step 2: When h = hgg indicates that the
question Q requires external knowledge, the
knowledge retriever agent Agg retrieves ex-
ternal documents {d, . .., dk.;, }. The knowl-
edge filter Agr removes noise from these
documents to produce a refined set D =
{di,...,dy}. The knowledge locator Ak,
extracts fine-grained text spans yki, from D
based on Q. (Lines 16-23)

* Step 3: If the extracted span is relevant (r =
[Relevant]), the response generator Agg for-
mulates the answer using this span; otherwise,

it answers directly. The answer verifier evalu-
ates the response ) for factual correctness. If
incorrect, AMATA restarts the trajectory gener-
ation at “Start”, incorporating the erroneous
response into Q for further reasoning. (Lines
24-35)

When the verifier determines that the LLM re-
sponse is incorrect (i.e., Lines 12 and 34), we in-
corporate the incorrect answer into the prompt Q
and reuse the previously generated dynamic trajec-
tory for further inference, denoted as “goto Start.”
To prevent repeated incorrect answer generation
and infinite loops, a maximum of three iterations
is allowed, after which the result is returned as the
default answer.

Additionally, we analyze the out-of-domain gen-
eralization of our algorithm. Once trained, AMATA
operates as a zero-shot, self-adaptive system that
requires no pre-existing training traces or score
annotations for new domains or questions.

Generalization to Unseen Datasets and Domains.
The core of AMATA’s generalization lies in its learn-
ing objective: We train it not to memorize specific
answers or trajectories but to learn two fundamental
principles:

* Intra-Trajectory Preference: Dynamically
assess which agents are important for a given
question based on semantic content.

* Inter-Agent Dependency: Orchestrate se-
lected agents in a coherent and efficient se-
quence.

Once this “collaboration policy” is learned, it can
be applied to new questions. The model analyzes
each new, unseen question at inference and uses its
acquired knowledge to:

* Dynamically predict the relevance of each
agent (simulating internal scoring).

* Execute an optimal trajectory of agent invoca-
tions based on these predictions and learned
dependencies.

Applicability without Training Traces. Our
model incurs a one-time cost for bootstrapping col-
laborative reasoning capability. The trained frame-
work is fully self-sufficient at inference.
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User Instruction: Given some answer candidates, choose the best answer choice. You can use the following agents in trajectory including (Description of
agents). Is the following statement correct or not? Say true if it's correct; otherwise say false. Roche's schizophrenia drug misses goal in two late-stage trials.

Intent Reconstructor: Roche's schizophrenia drug misses goal in two latestage trials.

Knowledge Retriever: [1] Bitopertin. 66% on placebo (p<0.05, per-protocol population@n January 2014, Roche reported that bitopertin failed
tomeet its endpoints in two phase II1 trials assessing its efficacy in reducing negative symptoms of schizophrenia. Subsequently, in April 2014, Roche
announced that it was discontinuing all of its phase III trials of bitopertin forschizophrenia except for one...... [2] Tamas Bartfai. for 'heartburn', as a
consultant to Roche, the catechol-O-methyltransferase inhibitor (Tasmar-tolcapone) used inParkinson's Disease, the first benzodiazepine—antagonist
(flunitrazepam) for treatment of benzodiazepineoverdoses, and as a consultant to Novartis the sphingosine 1-phosphate agonist gilenya-fingolimod as the
firstoral multiple sclerosis drug...... [3] LY-404,039. Eli Lilly and Company ed their decision to stop their ing clinical studies investigating
LY-2140023as a treatment for schizophrenia after their phase II study did not meet its primary endpoint. The companycompleted a phase II,
randomized, double-blind, placebo- and active-controlled, parallel-group-assignment,dose-ranging, inpatient, multi-center clinical trial. Patients were
randomized to receive 5, 20, 40, or 80 mg of LY-2140023, placebo, or olanzapine for 28 days......

Knowledge Filter: [1] Bitopertin. 66% on placebo (p<0.05, per-protocol population). In January 2014, Roche reported that bitopertin failed tomeet
its endpoints in two phase III trials assessing its efficacy in reducing negative symptoms of schizophrenia. Subsequently, in April 2014, Roche announced
that it was discontinuing all of its phase III trials of bitopertin forschizophrenia except for one...... [3]1 LY-404,039. Eli Lilly and Company announced their
decision to stop their ongoing clinical studies investigating LY-2140023as a treatment for schizophre ......

Knowledge Locator: [Relevant|: [1] Bitopertin. In January 2014, Roche reported that bitopertin failed tomeet its endpoints in two phase IIT
trials assessing its efficacy in reducing negative symptoms ...... [Irrelevant]: [2] Lacking Supporting Facts [Relevant]: [3] Eli Ltll) tmd Company
announced their decision to stop their ongoing clinical studies investigating......

Response Generator: True [Cite]: [1]':’[3]\)* ---------------- .' _______

Answer Verifier: The answer is correct.

Figure 17: Complete response example from SMART.

User Instruction: Given some answer candidates, choose the best answer choice. You can use the following agents in trajectory including (Description of
agents). Is the following statement correct or not? Say true if it's correct; otherwise say false. Roche's schizophrenia drug misses goal in two late-stage trials. E

Intent Reconstructor: Roche's schizophrenia drug misses goal in two latestage trials.

Knowledge Retriever: [1] Bitopertin. 66% on placebo (p<0.05, per-protocol populationg:/)[n January 2014, Roche reported that bitopertin failed
tomeet its endpoints in two phase 111 trials assessing its efficacy in reducing negative symptoms of schizophrenia. Subsequently, in April 2014, Roche
announced that it was discontinuing all of its phase III trials of bitopertin forschizophrenia except for one...... [2] Tamas Bartfai. for 'heartburn’, as a
consultant to Roche, the catechol- O-methyltransferase inhibitor (Tasmar-tolcapone) used inParkinson's Disease, the first benzodiazepine—antagonist
(flunitrazepam) for tr of benzodi, verdoses, and as a consultant to Novartis the sphingosine 1-phosphate agonist gilenya-fingolimod as the
firstoral multiple sclerosis drug...... [3] LY-404 039. Eli Lilly and Company announced their decision to stop their ongoing clinical studies investigating
LY-2140023as a treatment for schizophrenia after their phase 11 study did not meet its primary endpoint. The companycompleted a phase 1I, randomized,
double-blind, placebo- and active-controlled, parallel-group-assignment,dose-ranging, inpatient, multi-center clinical trial. Patients were randomized to
receive 5, 20, 40, or 80 mg of LY-2140023, placebo, or olanzapine for 28 days......

Knowledge Filter: [2] Tamas Bartfai. for 'heartburn, as a consultant to Roche, the catechol-O-methyltransferase inhibitor (Tasmar-tolcapone) used
inParkinson's Disease, the first benzodiazepine—antagonist (flunitrazepam) for treatment of benzodiazepineoverdoses, and ..

Knowledge Locator: [Irrelevant]: [1] Lacking Supporting Facts. [Relevant|: [2] Tamas Bartfai. for "heartburn’, as a consultant to Roche, the
catechol-O-methyltransferase inhibitor (Tasmar-tolcapone) used inParkinson's Disease, the first benzodiazepine—antagonist (flunitrazepam) for

treatment of benzodiazepineoverdoses ...... [Irrelevant]: [3] Lacking Supporting Facts. -7
Response Generator: True [Cite]: [2] «--------------"~ ®---- GiGPO
Answer Verifier: The answer is Wrong, =--============ === === mmm oo Q!

Figure 18: Complete response example from GiGPO.
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Algorithm 1 Inference of AMATA

Require: Intent Reconstructor Ag, Knowledge
Retriever Aggr, Knowledge Filter Agg, Knowledge
Locator Ag; , Response Generator Agrg, Answer
Verifier Aay, passage collections dy, ..., dg, tra-
jectory head token h, trajectory end token e
Input: User prompt Q

Output: Answer )

—_

: Start: A predicts g1, ..., qm,€r, b given
Q, hir

2: if h = hrg then

3: Arc predicts ), erg, hay given Q, €IR,
hra

4:

5: Aav predicts yav, eav given Q, Y, hay

6: if yav = “Correct” then

7: return )

8: else

9:

10 goto Start

11: end if

12: else

13:

14: for eachpingqy,...,q, do

15: Retrieve (dy, . .., d) using Agg given
p, top-k

16: end for

17: D = {dl,...,dk.m}

18:

19: Filter D = {d1,...,d,} using Agp given
Q.q

20:

21: Ak predicts
{(r1, 911<L)7 ooy (rws YKL) }> exL; hra given Q,
{dl, e ,Clw}, €EKR, hKL

22: if » = [Relevant] then

23: ARgg predicts ), erg, hay given Q,exy,
hres {(r1,uk)s -+ (s YL}

24: else

25: Agrg predicts ), erg, hav given Q,
hrg

26: end if

27:

28: Aav predicts yay, eay given Q, ), hay

29: if yay = “Correct” then

30: return )

31: else

32: goto Start

33: end if

34: end if
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