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ABSTRACT
Large Language Models (LLMs) equipped with modern Retrieval-
Augmented Generation (RAG) systems often employ multi-turn
interaction pipelines to interface with search engines for complex
reasoning tasks. However, such multi-turn interactions inevitably
produce long intermediate contexts, as context length grows ex-
ponentially with exploration depth. This leads to a well-known
limitation of LLMs: their difficulty in effectively leveraging infor-
mation from long contexts. This problem is further amplified in RAG
systems that depend on in-context learning, where few-shot demon-
strations must also be included in the prompt, compounding the
context-length bottleneck. To address these challenges, we propose
Mujica-MyGo, a unified framework for efficient multi-turn reason-
ing in RAG. Inspired by the divide-and-conquer principle, we intro-
duceMujica (Multi-hop Joint Intelligence for Complex Question
Answering), a multi-agent RAG workflow that decomposes multi-
turn interactions into cooperative sub-interactions, thereby mitigat-
ing long-context issues. To eliminate the dependency on in-context
learning, we further developMyGO (Minimalist Policy Gradient
Optimization), a lightweight and efficient reinforcement learning
algorithm that enables effective post-training of LLMs within com-
plex RAG pipelines. We provide theoretical guarantees for MyGO’s
convergence to the optimal policy. Empirical evaluations across
diverse question-answering benchmarks—covering both text cor-
pora and knowledge graphs—show thatMujica-MyGO achieves
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superior performance. Proofs, implementation details, and prompt
templates are available in the extended version 1.
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1 INTRODUCTION
The advent of Large Language Models (LLMs) [1, 41] has redefined
expectations for Artificial Intelligence, offering new opportunities
for many domains. Despite their versatility, LLMs suffer from hallu-
cination [16] and knowledge cutoffs [9]. While injecting knowledge
through continuous learning is a possible solution, it is computation-
ally expensive and risks catastrophic forgetting [21]. To address this
issue, Retrieval-Augmented Generation (RAG) [14, 24], a technique
enabling LLMs to incorporate external knowledge via prompts, has
drawn significant attention among researchers.

Most advanced RAG systems [7, 20, 29, 35, 49] employ a multi-
turn pipeline to effectively address complex questions. This pro-
cess typically involves decomposing the initial question into sub-
questions, retrieving relevant information for each, and synthesiz-
ing a final answer. Such an approach allows for the generation of
more fine-grained queries, enabling search engines to return more
relevant passages and ultimately enhancing overall performance.

Despite its effectiveness, this multi-turn interaction introduces
a significant challenge: the long-context problem. For instance,
to answer the query, “Which U.S. presidents previously served as

1Available at https://arxiv.org/abs/2505.17086
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governors?”, a RAG system must first identify all U.S. presidents
and then retrieve biographical information to determine which
individuals held gubernatorial positions before their presidency.
Each president has an extensive historical record, and aggregating
such information results in a large volume of retrieved text within
a single LLM context window. Given that LLMs struggle to capture
information accurately in long contexts [33], this naive aggregation
can lead to performance degradation.

Moreover, this issue is compounded by the reliance of In-Context
Learning (ICL) [11] to guide the LLM’s behavior in most RAG work-
flows. This technique requires providing few-shot demonstrations
within the prompt to instruct the model on the desired task. The
performance of ICL is highly dependent on the precision and com-
prehensiveness of these examples, especially their ability to cover
corner cases. Consequently, these detailed demonstrations further
inflate the context length, exacerbating the long-context problem.

To address the aggregation problem, we propose Mujica (Multi-
hop Joint Intelligence for Complex Question Answering), a multi-
agent RAG system designed for complex queries. Mujica consists
of two core modules: a Planner and a Worker. The Planner initi-
ates the process by analyzing the original query, decomposing it
into sub-questions, and delegating them to the Worker. Based on
the responses from the Worker, the Planner iteratively formulates
new queries until it has sufficient information to finalize an answer
or reaches the iteration limit. The Worker, in turn, receives sub-
questions from the Planner, retrieves relevant passages from search
engines, and returns concise summaries. This planner-worker ar-
chitecture enables a clear separation between high-level reasoning
and low-level retrieval. By maintaining a clean, summary-based
history in the Planner’s context, Mujica effectively mitigates the
long-context problem.

To eliminate the need for cumbersome few-shot demonstrations
in in-context learning (ICL), post-training is a crucial step for a
complex RAG system like Mujica. However, the highly customized
nature of such systems means that unified datasets for Supervised
Fine-Tuning (SFT) are generally unavailable. This scarcity of trajec-
tory data naturally frames the post-training process as a Reinforce-
ment Learning (RL) problem, where the RAG system constitutes
the policy and its performance on a task determines the reward.
Nevertheless, optimizing this policy via RL is non-trivial due to the
intricate interactions between the agents and the search engine. To
tackle this challenge, we introduce Minimalist policy Gradient Op-
timization (MyGO), a simple and efficient RL algorithm specifically
designed for such complex RAG systems.

We designed MyGO to be minimalist, deliberately avoiding com-
ponents like reward weighting, importance sampling, or token clip-
ping that are common in other algorithms. This approach stands in
contrast to methods like Proximal Policy Optimization (PPO) [48],
which requires an auxiliary value network to stabilize training,
and Group Relative Policy Optimization (GRPO) [51], which must
generate multiple trajectories per query for reward normalization,
exacerbating latency. The key innovation in MyGO lies in its sam-
pling strategy. By sampling trajectories from an asymptotically
approximate optimal policy, we can directly use Maximum Like-
lihood Estimation (MLE) for policy updates. This insight allows
MyGO to be implemented easily within standard SFT frameworks,

lending it high stability during training and simplifying hyperpa-
rameter tuning. We provide a detailed theoretical justification for
the validity of this approach and show through empirical experi-
ments on various datasets that Mujica-MyGO effectively improves
RAG performance across different LLMs.

2 RAG AGENT
2.1 Problem Definition
This work addresses Open-Domain Multi-Hop Question Answer-
ing (MHQA), a key challenge and benchmark for RAG. QA sys-
tems aim to provide correct answers to given questions. Compared
with single-hop QA, MHQA necessitates reasoning across multiple
sources (hops) [39], which renders MHQA a more challenging task.
We focus on the open-domain setting, where relevant information
must be retrieved from large-scale corpora (knowledge graphs or
text collections).

The inherent complexity of MHQA, characterized by multi-stage
planning requirements and iterative evidence synthesis, necessi-
tates framing the solution mechanism as an autonomous agent. We
define an agent as an entity capable of planning, taking actions
based on the environment, and engaging in sequential reasoning
[32]. We observe that LLMs equipped with RAG perform functions
analogous to such an agent. Specifically, LLMs determine infor-
mation requirements and search strategies (planning), formulate
search queries (acting), and synthesize final answers from gathered
evidence (reasoning). Recognizing this functional correspondence,
we position the LLM itself as the core agent within our system.

2.2 Mujica
As previously noted, repeated retrieval from RAG systems gen-
erates extended contexts that are challenging for LLMs to effec-
tively process. To mitigate this, a straightforward approach is to
adopt a divide-and-conquer approach by partitioning the context
into smaller segments. Accordingly, we introduce Multi-hop Joint
Intelligence for Complex Question Answering (Mujica) – a multi-
agent RAG framework that decomposes multi-turn interactions
into coordinated sub-interactions.

Figure 1 shows the overall pipeline of the proposed agentic RAG
framework. Given a complex question 𝑞, our RAG agent aims to
decompose it into a series of simple subquestions {𝑞1, 𝑞2, · · · , 𝑞𝑛},
and progressively answers each subquestion based on their internal
dependencies until obtaining the final answer 𝑎. Let I denote the
instruction prompts, C = {C1, C2, · · · , C𝑛} denote the supporting
contexts of each subquestion 𝑞𝑖 , and 𝑎𝑖 an answer to it. Inspired
by [29], we can formulate the answer generation process as the
following objective function:

𝑓QA (𝑞, 𝐼, C) = 𝑃 (𝑎 |𝑞, 𝐼, C)

=

𝑛∏
𝑖=1

𝑃 (𝑞𝑖 |𝑎<𝑖 , 𝑞<𝑖 , 𝑞,I) ·
𝑛∏
𝑖=1

𝑃 (𝑎𝑖 |𝑞𝑖 , C𝑖 ,I),
(1)

where 𝑞<𝑖 and 𝑎<𝑖 denote all preceding subquestions of subquestion
𝑞𝑖 and their corresponding answers. Based on the equation above,
the QA framework can naturally be decoupled into two specialized
roles:
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Do director of film Kedi Billa Killadi Ranga and director of film Dreaming Of Space share the same nationality?

Planner: 

<think> First, I need to search for the director 
for both K.B.K.R. and Dreaming of Space. 

<action> Q1. Who is the director of K.B.K.R.?
Q2. Who is the director of D.O.S.?

A1. Pandiraj, 
A2. Alexei Uchitel. 

Kedi Billa 
Killadi Ranga

Dreaming 
of Space

has 
director

has 
director

Director A

Director B

citizen 
of

citizen 
of

Country C

Country D

Same?

<think> Now that I know the directors of the 
two films, I need to search the citizenship.??

<action>  Q3. What is the citizenship of Pandiraj?
Q4. What is the citizenship of A. Uchitel?

A3. India
A4. Russia

<think> Now I have the necessary information: 
The director of K.B.K.R is from India.
The director of D.O.S. is from Russia.
The two directors are not from the same country. 

<answer> No </answer>

Iter. 1 Iter. 2 Iter. 3

User

User

Assistant

Assistant

Assistant

Who is the director of Kedi Billa Killadi Ranga?
User

[1] (K.B.K.R., genre, romantic comedy)
[2] (K.B.K.R., performer, Yuvan S. Raja)
[3] (K.B.K.R., director, Pandiraj)
[4] (K.B.K.R., distributed by, Studio Green)

Retriever

<think> The question asks the director 
of film K.B.K.R. Only [3] provides 
information about the director. 

<select> [3] <?select>
Answer: The director of film Kedi 
Billa Killadi Ranga is Pandiraj.

Assistant

Who is the director of Dreaming of Space?
User

[0] Dreaming of Space is a 2005 Russian 
drama film directed by Alexei Uchitel.
[1] The end of the 1950s. Sputnik 1 has 
already been launched, but there.??

Retriever

<think> The question asks the director 
of Dreaming of Space. Only [0] provides 
information about the director.

<select> [0] <?select>
Answer: The director of film Dreaming 
of Space is Alexei Uchitel.

Assistant

Worker: 

Figure 1: The end-to-end architecture of the proposed Mujica framework.

1) Planner: Being responsible for planning how to answer a
complex question, the planner determines the series of sub-
questions to be addressed, identifies what specific informa-
tion needs to be retrieved, and adjusts the plan based on the
answer of each subquestion.

2) Worker : Acting as a mini-RAG system, the worker directly
interacts with the retriever and tackles specific sub-questions
identified by the planner.

Planner and worker interact with each other through a con-
versational process, each serving as both user and assistant for
one another. The planner and worker may operate as independent
agents (distinct LLMs) or as virtual agents backed by a shared LLM
but conditioned on distinct instruction prompts. Considering the
substantial size of LLMs, we opt for the latter design for better
computational efficiency.

Planner: Planning Subquestions as a Directed Acyclic Graph. Re-
cent work (e.g., Search-o1 [29], PoG [7]) has demonstrated that
performing chain-of-thought reasoning through Eq. 1 is capable of
deriving correct answers. However, in real-world scenarios, the sub-
questions posed are not naturally shaped as a sequence, since not
all subquestions depend on answers to preceding ones. As shown in
Fig. 2, there might be two conditionally independent subquestions,
S2,1 and S2,2, which are dependent in the later subquestion S4,1. The
dependency relations form a directed acyclic graph (DAG). Directly
applying Eq. 1 to such a reasoning process can be both inefficient
and suboptimal. Therefore, to effectively handle DAG dependency

graphs, we allow our Mujica planner to ask subquestions in multi-
ple iterations sequentially, where the answers of subquestions at an
iteration can become dependent in later iterations. In each iteration,
Mujica will simultaneously ask multiple conditionally independent
subquestions.

Iter  1

Question

S1,1

Iter  2

Iter  3

Iter  4

S2,1 S2,2

S3,1 S3,2

S4,1

Answer

Figure 2: Modeling Com-
plex Question Answer-
ing Process as a Directed
Acyclic Graph.

More specifically, following
the previous work [67], in each
iteration, the planner will execute
two steps: think and action. In
the think step, at the 𝑖-th itera-
tion, the planner summarizes the
information obtained in the previ-
ous iterations and judges whether
the supporting information it has
gathered is sufficient to answer
the complex question 𝑞. If all nec-
essary information is available,
the planner generates its conclu-
sion for the entire complex ques-
tion. Otherwise, the planner will
excute the action step - it for-
mulates the subquestions and out-
sources them to a Worker to re-
trieve the corresponding information from the environment. After
gathering the information from theWorker , the Planner will move
to the next iteration, and this process continues until obtaining the
final answer.
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Worker: Interacting with the External Environments. As afore-
mentioned, the Worker is responsible for handling interactions
with the external environments, and answers questions assigned
by the planner. Specifically, we utilize the same LLM-agent with a
mini-RAG system. For each simple question 𝑞𝑖 , the worker invokes
an external retriever to fetch the top 𝑘 most relevant supporting
contexts from a KG or a document corpus. 2 Then, the Worker
employs the LLM to review the target of the question, examine
each retrieved context and accordingly anwser the subquestions
outsourced by the Planner . Specifically, the LLM is instructed to
explicitly illustrate its thoughts, and select relevant contexts by
providing their indexes.

3 RL FOR RAG AGENT
3.1 Reinforcement Learning Setting
Our RAG agent is implemented within a conversational framework.
A conversation is modeled as a finite sequence of interactions be-
tween the environment and the agent, denoted as (𝑒0, 𝑎0, 𝑒1, 𝑎1, . . . ,

𝑒𝑇 , 𝑎𝑇 ). The initial environment message 𝑒0 comprises the user’s
question and any necessary system prompts. For each turn 𝑡 ∈
[0,𝑇 ], 𝑎𝑡 is the agent’s action, and 𝑒𝑡+1 is the subsequent environ-
ment message. We define the state 𝑠𝑡 at turn 𝑡 as the history of
all preceding interactions, 𝑠𝑡 = (𝑒0, 𝑎0, 𝑒1, 𝑎1, . . . , 𝑎𝑡−1, 𝑒𝑡 ). Then, a
trajectory 𝜏 = (𝑠0, 𝑎0, 𝑠1, 𝑎1, . . . , 𝑠𝑇 , 𝑎𝑇 ) to the final answer of the
question can be denoted as the sequence of states and actions in
each step. This formulation adheres to a Markov Decision Process
(MDP). Since the golden reasoning path to the ground truth answer
is not available in real-world scenarios and most datasets, we do not
have supervision signals for each action 𝑎𝑡 to conduct supervised
finetuning. The only supervision signal available to estimate the
reward 𝑟 (𝜏) ∈ R for the entire trajectory 𝜏 is the final answer, which
naturally corresponds to the terminal reward in an RL setting.

We consider a policy-based method - the RAG agent adopts a
policy 𝜋𝜃 to generate reasoning trajectories, where the parameters
𝜃 are optimized using RL techniques. The objective of the RL is to
find the best policy that maximizes the expected cumulative reward:

J (𝜃 ) = E𝜏∼𝜋𝜃 [𝑟 (𝜏)] , (2)

If trajectories sampled from 𝜋𝜃 are differentiable w.r.t. 𝜃 , the gradi-
ent of the optimization objective can be estimated using the Vanilla
Policy Gradient (VPO) [60]:

∇𝜃J (𝜃 ) = E
𝜏∼𝜋𝜃

[
𝑟 (𝜏)

𝑇∑︁
𝑡=0

∇𝜃 log𝜋𝜃 (𝑎𝑡 |𝑠𝑡 )
]
. (3)

3.2 Reinforcement Learning for LLMs
Even though the VPO (Eq. 3) estimator is unbiased, it often exhibits
high gradient variance, which potentially renders the training pro-
cess unstable. To address this issue, many previous approaches
[46, 48] propose to replace the raw trajectory reward 𝑟 (𝜏) with
the Generalized Advantage Estimation (GAE) [47]. These RL tech-
niques, particularly Proximal Policy Optimization (PPO) [48] and
its variants, have been successfully applied in the post-training
process for LLM [41, 44]. Recently, Group Relative Policy Optimiza-
tion (GRPO) [51] has been introduced as a simplified alternative
2We employ bge-large-en-v1.5 sentence transformer as the external retriever.

to PPO, reducing the training costs while maintaining comparable
performance. The objective function of PPO and GRPO, as adapted
for our QA context, can be written as follows:

J (𝜃 ) = E
𝜏∼𝜋𝜃𝑘

[
𝐴(𝜏)

𝑇∑︁
𝑡=0

min (r𝑡 , clip (r𝑡 , 1 − 𝜖, 1 + 𝜖))
]

− 𝛽DKL (𝜋𝜃 | |𝜋ref) ,
(4)

where 𝜖, 𝛽 are hyperparameters; 𝜋ref, 𝜋𝜃𝑘 denote the reference pol-
icy and the behavior policy, respectively; r𝑡 =

𝜋𝜃 (𝑎𝑡 |𝑠𝑡 )
𝜋𝜃𝑘

(𝑎𝑡 |𝑠𝑡 ) is the
importance sampling rescaling factor; and 𝐴(𝜏) is the advantage of
applying trajectory 𝜏 . Specifically, in PPO, the advantage function
𝐴(𝜏) is estimated by 𝑟 (𝜏) −𝑉 (𝜏), relying on a learnable value func-
tion 𝑉 (𝜏). In GRPO, 𝐴(𝜏) is instead estimated by 𝑟 (𝜏 )−𝑟

std(𝑟 ) , where 𝑟
and std(𝑟 ) are the mean and standard deviation of 𝑟 (𝜏) for each 𝜏
obtained from the same sampling group, respectively.

3.3 MyGO
Despite its wide adoption, a PPO-style objective has two shortcom-
ings: hyperparameter sensitivity and training inefficiency. The 𝜖
hyperparameter is highly sensitive - a small 𝜖 may ignoremost avail-
able trajectories during training, leading to training inefficiency;
while a large 𝜖 might lose control over the importance sampling
scale, resulting in a less stable training process. The advantage
estimation renormalizes the original rewards relative to either the
value functions or the group average, which weakens the supervi-
sion signals from trajectories with large rewards that are helpful for
training [34]. It is worthmentioning that training inefficiency and in-
stability are significant challenges when training LLMs, which is both
computationally expensive and time-consuming. On the other hand,
compared with previous RL scenarios in robot control and video
games [4], the LLM setting poses a new characteristic: fast simula-
tion, deterministic environment, and trajectory-level reward [30].
In this scenario, sampling desired trajectories from the environment
is relatively more efficient.

To this end, we propose our newRL algorithm,MyGO:Minimalist
Policy Gradient Optimization, which shifts the burden from model
training to trajectory sampling, in which we can fully leverage the
fast and relatively inexpensive simulation of LLMs [22, 74]. Unlike
previous methods, MyGO disentangles the RL training process into
two phases: sampling and training. During sampling,MyGOdirectly
samples trajectories from the asymptotically optimal distribution
and consequently allows the use of Maximum Likelihood Estima-
tion (MLE) to optimize the policy function. Notably, optimizing a
model via MLE is simple, stable, and well established as a regular
training technique widely used in unsupervised pre-training [43]
and supervised fine-tuning [41].

Sampling. We first characterize the target optimal distribution
𝜋∗. Alternative to the original objectiveJ , we consider the expected
reward with entropy regularization J ′ = E[𝑟 (𝜏)] + 𝛼H(𝜋) with
𝛼 ∈ R+, which, as a Boltzmann distribution [75], has a closed-form
solution for the corresponding optimal policy, denoted as 𝜋 ′∗:

𝜋 ′∗ (𝜏) = exp(𝑟 (𝜏)/𝛼)
𝑍 (𝛼) ,

where 𝑍 (𝛼) =
∫
T

exp(𝑟 (𝜏 ′)/𝛼)𝑑𝜏 ′ ,
(5)
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Inference Engine

Training Engine

Training

Data
Batch Samples

Update weights

per 𝑘 iterations

𝑄1 → 𝑇𝑟𝑎𝑗1 → 𝐴𝑛𝑠1

𝑄1 → 𝑇𝑟𝑎𝑗1 → 𝐴𝑛𝑠1

𝑄2 → 𝑇𝑟𝑎𝑗1 → 𝐴𝑛𝑠1

⋮

𝑄3 → 𝑇𝑟𝑎𝑗1 → 𝐴𝑛𝑠2

Evaluation

0.5

0.8

0.4

0.9

Generated Outputs Scorings

High-quality

Synthetic

Data

Synthetic Data 

w/ Reasoning Trajectory

⋯
Dequeue Let’s think step by step …

Answer: xxx
ℒ𝐶𝐸( ,  )

Enqueue

Gradient Optimization

Policy-based

Sampling

Figure 3: The Proposed Minimalist Policy Gradient Optimization Framework.

where 𝛼 is the temperature and 𝑍 (𝛼) is the partition function that
normalizes the distribution over the space of all possible trajec-
tories T . With a sufficiently small 𝛼 → 0, we have J ′ → J ,
thus 𝜋 ′∗ → 𝜋∗. As 𝛼 → 0, 𝜋 ′∗ becomes sharp and highly skewed,
concentrating its probability mass on trajectories yielding high
rewards. Therefore, given a sufficiently large threshold 𝐾 close
to sup𝜏∈T 𝑟 (𝜏), sampling trajectories 𝜏 with 𝑟 (𝜏) > 𝐾 is asymp-
totically equivalent to sampling from the 𝜋 ′∗ and thus effectively
approximating to sampling from the optimal policy 𝜋∗ of J .

In practice, we relax the choice of 𝐾 by setting an update role of
𝐾 := max(𝐾 ′, (𝑟𝑛/(𝑟sup+1)) ·𝑟sup), where 𝑟sup denotes sup𝜏∈T 𝑟 (𝜏),
𝑟𝑛 is the empirical average reward of a batch of 𝑛 sampled trajecto-
ries, and 𝐾 ′ is the previous threshold value which is initialized as a
moderate value depending on the choice of dataset. As the policy
𝜋𝜃 improved, 𝐾 will be asymptotically close to sup𝜏∈T 𝑟 (𝜏), thus
making the sampling distribution close to 𝜋 ′∗.

We highlight that this approach is practically feasible for the
reward landscapes for tasks of the LLM agent, which differ sig-
nificantly from those in complex robotic control problems. For
LLM agents, trajectories frequently culminate in outcomes that are
clearly classifiable as successful or unsuccessful. Empirically, we
observe that well-prompted LLMs can readily generate a significant
proportion of such successful trajectories, which makes directly
sampling from 𝜋∗ feasible.

Let 𝜋>𝐾 denote the distribution that consists of trajectories with
𝑟 > 𝐾 . To clarify, we provide two propositions as follows, where
the proofs can be found in the extended version:

Proposition 3.1. Given 𝛿 ∈ R, 𝛼 ∈ R, there exists 𝐾 ∈ R+ such that
the following inequality holds:

DKL (𝜋>𝐾 | |𝜋∗) < 𝛿

Proposition 3.2. The following property holds when 𝛼 approaches
0:

Var[𝑟 ]
𝜋>𝐾

∝ 1/𝑍>𝐾 (𝛼)2 , 𝑍>𝐾 (𝛼) =
∫ sup(𝑟 )

𝐾

exp(𝑟/𝛼)𝑑𝑟

Proposition 3.1 states that if 𝐾 is sufficiently large, then 𝜋>𝐾

can always approximate 𝜋∗. Proposition 3.2 says the variance of
𝜋>𝐾 is small, considering that 𝑍 is usually a large value. These two
propositions guarantee the proximity and stability of our proposed
sampling strategy.

Learning. Once a sufficiently large dataset of optimal trajecto-
ries D has been collected, the optimization of policy 𝜋𝜃 can be
simplified to maximizing the log-likelihood L of these trajectories.
The learning process can be conducted in an online or an offline
manner. This yields the following MLE gradient:

∇𝜃L =
1
|D|

∑︁
𝜏𝑖 ∈D

∇𝜃 log𝜋𝜃 (𝜏𝑖 )

=
1
|D|

∑︁
𝜏𝑖 ∈D

|𝜏𝑖 |∑︁
𝑗=0

∇𝜃1(𝑜𝑖𝑗 ) log𝜋𝜃 (𝑜𝑖𝑗 |𝑜𝑖< 𝑗 ) , (6)

where 𝑜𝑖𝑗 denotes the 𝑗-th token from 𝜏𝑖 and 𝑜𝑖< 𝑗 denotes the se-
quence of tokens preceding 𝑜 𝑗 , 1(𝑜 𝑗 ) is a characteristic function
indicating whether 𝑜 𝑗 is a token from the agent. The last equality
holds because the action likelihood in the language setting could
be further elaborated with token likelihood, i.e, log𝜋𝜃 (𝑎𝑡 |𝑠𝑡 ) =∑
𝑗 log𝜋𝜃 (𝑜 𝑗 |𝑜< 𝑗 ).
This MLE objective, Eq. 6, is equivalent to a standard cross-

entropy loss function, widely used in both unsupervised pre-training
[43] and supervised fine-tuning [41] of language models. Compared
to PPO-style algorithms, Eq. 4, MLE does not incorporate an ad-
vantage function, policy ratio clipping, and importance sampling.
Similarly, unlike methods such as VPO, Eq. 3, MLE directly uses
the curated data D for training and does not explicitly use reward
values in the loss computation. We empirically observed that MLE
leads to more stable training. We explain this increased stability
by several factors: (i) the dataset D consists of trajectories sam-
pled from a more stationary (approximated optimal) distribution,
reducing variance compared to on-policy RL where the data distri-
bution shifts rapidly; (ii) the direct use of a log-likelihood objective
(cross-entropy) is often well-behaved and less sensitive to reward
scaling issues that can affect RL algorithms; and (iii) the avoidance
of importance sampling ratios, which can introduce instability if
they become too large or small.

Compared with previous works, like RAFT [10] and STaR [69],
which try to simplify RL in LLM post-training, we use a progressive
threshold to select data. More importantly, we provide a theoretical
justification that elucidates why this approach, yet relatively simple,
yields strong performance, offering novel insights into its efficacy.
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4 EXPERIMENTS
4.1 Environment Design

Datasets and Evaluation Metrics. To evaluate the effectiveness of
our proposed agent workflow (Mujica) and trainingmethod (MyGO)
on complex question answering tasks, we utilize four representative
benchmark datasets: 2Wiki-MultihopQA (2Wiki) [15], QALD-10
[57], HotpotQA [66], and MuSiQue [55]. 2Wiki and QALD-10 are
KBQA benchmarks; HotpotQA and MuSiQue are text-based QA
dataset. We use 2Wiki and HotpotQA for training, QALD-10 and
MuSiQue for zero-shot evaluation.We assess QA performance using
Exact Match (EM) and F1 score. For each dataset, these metrics
are computed using the official evaluation scripts provided by the
respective dataset creators.

Environment Setting. To evaluate our agent’s capabilities across
different data modalities, we derive two experimental environments
from the 2Wik dataset: 2Wiki-KG and 2Wiki-Text. This setup allows
us to evaluate the agent’s performance on both structured (KGs)
and unstructured (text) data. We use the F1 score as the reward
function for all environments.

The 2Wiki-KG environment is centered around the Wikidata
KG [58]. A knowledge graph (KG) is composed of factual state-
ments represented as triples, such as (Donald Trump, position held,
President of the United States). When the agent visits an entity, it
can access all triples for which that entity is the head. The agent’s
task involves traversing the KG by interpreting the semantic re-
lationships encoded in these triples. For example, to answer the
question "Who is the mother of the director of film Polish-Russian
War (Film)?", the agent must identify and follow the correct rea-
soning path, such as: Polish-Russian War, director, Xawery Żuławski,
mother, Małgorzata Braunek. To emphasize the reasoning aspect,
we follow prior work [37, 53] by providing the agent with the gold
topic entities extracted from the dataset as the entry.

We establish the 2Wiki-Text environment to further evaluate
our agent’s ability to interact with text-based search engines. The
original 2Wiki dataset provides ten supporting passages for each
question, which contain the necessary information to derive the
answer and the "distractor setting" is designed to test multi-hop
reasoning abilities without retrieval. In our 2Wiki-Text environ-
ment, we adapt this by aggregating all passages to form a large
corpus. This approach, following prior work [2, 56], simulates an
open-domain retrieval task. The agent’s objective is to answer ques-
tions by issuing search queries and then synthesizing information
from the retrieved passages.

Beyond the 2Wiki environments, we extend our text-based eval-
uation using the HotpotQA dataset, from which we construct two
additional settings: Hotpot and Hotpot-Kimi. In Hotpot, we fol-
low the vanilla setting that uses the Wikipedia dump provided by
the dataset [66], which only includes the title and the introductory
paragraph. However, we found that the retriever [19] is the bottle-
neck for QA performance in the HotpotQA dataset. To isolate and
more directly assess the agent’s reasoning capabilities independent
of retrieval imperfections, we introduce theHotpot-Kimi environ-
ment. Similar to but different from the distractor settings [15, 66],
in the Hotpot-Kimi environment,the agent is directly provided with
the ten gold supporting passages associated with each question,
thereby guaranteeing access to all necessary evidence. However, its

primary purpose here is to establish an idealized retrieval condition.
Therefore, the gold passages are not directly fed into the QA-agent
like distractor setting. Detailed examples and prompts for each
environment are provided in the extended version.

4.2 Main Results
4.2.1 Effectieness of MyGO. We evaluate our RAG agent un-
der three distinct settings: Few-Shot, WarmUp, and MyGO. In the
Few-Shot setting, the agent is provided with a small number of
illustrative examples via in-context learning within the prompt.
Following common practice, we then perform aWarmUp phase.
This phase is to adapt the base model beyond reliance on few-shot
exemplars. For this purpose, we fine-tune the model on 1k samples
with EM of 1. The MyGO training then commences, using this
warmed-up model as its initialization. We conduct our main experi-
ments with the Qwen2.5-7B-Instruct (Qwen) LLM. The feasibility
of using Llama-3.1-8B-Instruct (Llama) as the backbone LLM
will also be discussed.

Table 1: Comparative Performance of Models on 2Wiki-KG
and 2Wiki-Text Environments.

Type Model 2Wiki-KG 2Wiki-Text

EM F1 EM F1

Few-Shot GPT-4.1 78.50 84.24 30.70 52.14

Few-Shot
Qwen2.5-7B

57.60 62.24 23.35 33.52
WarmUp 74.93 80.74 50.18 56.25
MyGO 77.63 84.15 53.17 59.62

Few-Shot
Llama3.1-8B

77.70 82.09 37.83 46.53
WarmUp 82.00 85.90 58.03 64.81
MyGO 85.93 91.61 58.88 65.88

Table 1 presents the performance of these models on the 2Wiki
dataset. Agents trainedwithMyGO consistently demonstrate strong
performance. In the 2Wiki-KG environment, MyGO-Qwen achieves
performance on par with a few-shot prompted GPT-4.1, while the
Llama model significantly surpasses this baseline. In the 2Wiki-Text
environment, both MyGO-trained Qwen and Llama models sub-
stantially outperform the GPT-4.1 few-shot baseline. Despite the
same underlying questions, overall performance in the 2Wiki-Text
environment is notably lower than in 2Wiki-KG. This disparity
can be attributed to the differing data modalities and interaction
paradigms. Interacting with KGmay more closely resemble navigat-
ing discrete choices (e.g., selecting entities or relations), potentially
reducing the burden on complex retrieval or synthesis from noisy
search results. Conversely, text-based interaction requires robust
open-retrieval over the corpus where explicit relationships between
retrieved passages are often absent, demanding more sophisticated
synthesis capabilities. Nevertheless, the consistent improvements
observed affirm MyGO’s efficacy across these varied settings.

Table 2 details the results on the HotpotQA dataset. Notably, even
the WarmUp models exhibit strong performance, outperforming
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Table 2: Comparative Performance of Qwen on Hotpot and
Hotpot-Kimi Environment.

Type Model Hotpot Hotpot-Kimi

EM F1 EM F1

Few-Shot GPT-4.1 29.80 48.09 33.50 53.35

Few-Shot
Qwen2.5-7B

15.77 27.96 15.60 32.70
WarmUp 40.55 52.35 52.51 66.04
MyGO 41.54 53.79 54.07 68.48

the few-shot GPT-4.1 baseline. However, the performance gain from
MyGO over the WarmUp models is less pronounced in the Hotpot
environment. We attribute this observation to two limitations inher-
ent in this setup. Firstly, the efficacy of the dense retriever can be a
bottleneck; essential evidence may not be surfaced for some queries.
Secondly, the HotpotQA evaluation protocol has no answer aliases.
This is problematic because LLMs frequently generate answers
that are semantically equivalent to the ground truth but lexically
different, which are penalized by strict string-matching metrics.
To mitigate the impact of imperfect retrieval, we further evaluate
using the Hotpot-Kimi environment, which is designed to simulate
near-perfect retrieval by providing gold supporting passages. In this
idealized Hotpot-Kimi setting, MyGO demonstrates substantial and
consistent performance improvements over the WarmUp models,
underscoring its effectiveness when reasoning capabilities can be
more directly assessed.

4.2.2 Effectiveness of Mujica. In order to evaluate the contribu-
tion of our two critical design choices in the proposed Mujica frame-
work, we replace the planner–worker split with vanilla iterative
RAG, and substitute DAG-like reasoning with chain-like reasoning.
For the sake of fair comparison, all subsequent experiments are
conducted with a pre-trained Qwen 2.5-7B-Instruct model, which
eliminates confounding effects introduced by model training.

From Table 4 we conclude that our proposed DAG-like reason-
ing paradigm not only enables independent sub-questions to be
processed in parallel, but also outperforms the chain-style baseline.
We attribute the performance gain to the paradigm’s ability to ef-
fectively decompose complex questions and resolve sub-problems
through optimal reasoning paths. The structured decomposition
allows the model to better capture the underlying logic of multi-hop
questions, leading to more accurate and robust reasoning outcomes.
In addition, our planner–worker architecture surpasses the vanilla
iterative RAG setup. We attribute the better performance to Mu-
jica’s ability to prevent irrelevant information from interfering with
the model’s reasoning and planning process.

4.2.3 Mujica-MyGO v.s. Baseline Methods. In order to com-
prehensively evaluate the performance of our proposed solution, we
compare Mujica-MyGO with a series of RAG systems. Apart from
direct inference with pretrained LLM [64] and vanilla RAG [25],
we consider 7 iterative RAG solutions: RAFT [72], RAFe [38], Hip-
poRAG [13], Iter-RetGen [50], IRCoT [56], IterDRAG [68], RAG-
star [17] and 4 RAG agents: Search-o1 [29], RAG-Gym [25] and

ReSearch [8]. Considering the differences in backbone LLMs and
retrieval methods employed by each RAG system, it is inappropriate
to compare the performance of different RAG systems solely based
on their evaluation metrics.

Table 3 presents the experimental results on three represen-
tative multi-hop question answering datasets, which shows that
Mujica-MyGO is an effective and efficient multi-hop QA solution. De-
spite leveraging a 7B Qwen2.5 LLM as its backbone, Mujica-MyGO
achieves state-of-the-art performance on theMuSiQue and 2Wiki
datasets and delivers competitive results on HotpotQA. One may
notice that some baseline methods outperform Mujica-MyGO on
the HotpotQA dataset. However, these approaches typically rely
on larger-scale backbone LLMs and/or more sophisticated retrieval
methods. In general, larger backbone models (e.g., GPT and QwQ)
tend to yield better results. In addition, incorporating advanced
retrievers (e.g., HopRetriever [28], Dragon-plus [31]) or expanding
the knowledge corpus via search engines (e.g., Google, Bing) can
further enhance performance. Nevertheless, it is important to em-
phasize that improving retrieval is not the focus of this paper. In
order to evaluate the effectiveness of the proposed method, we opt
to adopt the official corpus released with the HotpotQA dataset [66].
Across model variants, we find that even without costly reinforce-
ment learning, a small amount of SFT data is sufficient for Mujica
to surpass baseline methods based on question decomposition and
iterative retrieval, the method to consistently surpass, demonstrat-
ing its robustness. However, every approach has its trade-offs. As a
complex question-answering pipeline, Mujica imposes substantial
demands on the LLM’s instruction-following and reasoning capabil-
ities, making it difficult for small-scale pre-trained LLMs to achieve
desirable results in few-shot settings.

4.3 Additional Studies - Out-of-Domain Eval.
To assess generalization capabilities, we conduct out-of-distribution
(OOD) evaluations where models are RL post-trained on one dataset
and evaluated on another one. Specifically, we examine cross-dataset
transfer from HotpotQA to Musique (text-based), and from 2Wiki-
KG to Qald-10 (KG-based). As shown in Table 5, MyGO demon-
strates strong OOD performance. As presented in Table 5, mod-
els trained with MyGO demonstrate robust OOD generalization.
Specifically, applying MyGO on the source datasets leads to sig-
nificant performance improvements on the respective target OOD
datasets when compared to the few-shot baseline. These findings
indicate that MyGO does not overfit to the training data; rather, it
appears to foster the acquisition of more generalizable reasoning
and decision-making strategies. This capacity for effective gener-
alization to unseen datasets aligns with a primary motivation for
employing RL in the development of intelligent agents.

5 RELATEDWORK
MHQA with textual corpus. Retrieval-based methods dominate

the landscape of textual MHQA since supporting contexts from
external corpora can effectively compensate for deficiencies in the
inherent knowledge of languagemodels andmitigate hallucinations.
Traditional approaches primarily utilized sentence transformers [6]
for dense retrieval or BM25 [45] for keyword matching. Recently,
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Table 3: End-to-end textual multi-hop question answering results.

Method Backbone Retriever HotpotQA MuSiQue 2Wiki-Text

EM F1 EM F1 EM F1

Direct Inference Qwen 2.5-7B - 18.3 - 3.1 - 25.0 -
CoT Qwen 2.5-7B - 9.2 - 2.2 - 11.1 -
RAG Qwen 2.5-7B E5 29.9 - 5.8 - 23.5 -
RAFT Llama 3.1-8B Dragon-Plus 41.0 51.6 13.8 24.0 39.4 45.8
RaFe GPT 4o-mini Google Search 40.6 55.4 11.8 23.8 36.2 39.3
HippoRAG GPT 3.5-turbo ColBERTv2 45.7 59.2 21.9 33.3 47.7 62.7
Iter-RetGen Qwen 2.5-7B FlashRAG 34.4 - 8.7 - 27.9 -
IRCoT Qwen 2.5-7B BM25 30.3 - 7.0 - 21.6 -
IterDRAG Gemini 1.5 Gecko 1B 38.4 49.8 22.6 35.0 44.3 54.6
RAG-Star Llama 3.1-8B bge-large-en-v1.5 42.0 54.4 13.0 22.2 34.0 42.0

RAG Agents
Search-o1 Qwen 2.5-7B E5 18.7 - 5.8 - 17.6 -
Search-o1 QwQ 32B Bing Web Search 45.2 57.3 16.6 28.2 58.0 71.4
Search-R1 Qwen 2.5-7B E5 37.0 - 14.6 - 41.4 -
RAG-Gym Llama 3.1-8B bge-base + BM25 44.1 56.8 - - 50.2 57.9
ReSearch Qwen 2.5-7B FlashRAG 43.5 - 22.3 - 47.6 -

Settings In-domain Out-of-domain In-domain
Mujica (few-shot) Qwen 2.5-7B bge-large-en-v1.5 15.77 27.96 5.34 17.81 23.35 33.52
Mujica w/ warm up Qwen 2.5-7B bge-large-en-v1.5 40.55 52.35 N/A N/A 50.18 56.25
Mujica-MyGO Qwen 2.5-7B bge-large-en-v1.5 41.54 53.79 26.11 35.92 53.17 59.62

Table 4: Experimental results for design choices of the pro-
posed Mujica framework.

Settings 2Wiki-KG 2Wiki-Text

EM F1 EM F1

Mujica (Qwen2.5-7B) 57.60 62.24 23.35 33.52
- w/o. planner-worker split 54.85 59.63 23.22 33.40
- w/o. DAG-like reasoning 53.75 59.08 21.73 32.36

Table 5: Out-of-distribution Evaluation on Qwen 2.5-7B:
HotpotQA→Musique and 2Wiki-KG→QALD-10.

Type Model Hotpot → MuSiQue 2Wiki → QALD

EM F1 EM F1

Few-Shot Qwen
2.5-7B

5.34 17.81 27.92 37.11
MyGO 26.11 35.92 39.85 49.73

extensive research has focused on optimizing the QA pipeline, par-
ticularly through the decomposition of complex questions [65, 67],
query rewriting and refinement [5, 38], and the iterative retrieval
of relevant evidences in multiple steps [3, 18, 50, 56].

Knowledge-based question answering. Early approaches treat KBQA
as a semantic parsing task, which generates and executes SPARQL

queries [23, 42, 59]. These methods usually suffer from syntax er-
rors and inaccurate entity labels, resulting in limited accuracy. Re-
cently, researchers have shifted towards leveraging RAG and the
advanced semantic understanding capabilities of LLMs to generate
answers [61]. LLM-based KBQA approaches can be generally catego-
rized into two types: iterative exploration and subgraph reasoning.
Iterative exploration methods [7, 12, 26, 37, 52–54, 63, 70, 71, 73]
progressively retrieve and verify KG elements through multi-step
reasoning, balancing interpretability with computational overhead.
These approaches rely heavily on LLMs’ inherent reasoning capa-
bilities due to the lack of supervised intermediate steps in most
datasets. In contrast, Subgraph reasoningmethods [27, 35, 36, 40, 62]
extract relevant KG substructures in a single retrieval step for LLM-
based answering, enabling efficient fine-tuning but suffering from
the incompleteness of retrieved subgraphs and underlying knowl-
edge bases.

6 CONCLUSION
In this work, we introduce Mujica, an interactive multi-agent frame-
work for RAG systems, alongside MyGO, a novel reinforcement
learning method designed to simplify its optimization. Mujica em-
ploys a planner-worker architecture to systematically decompose
and resolve complex questions, while MyGO enhances training ef-
ficiency through an intelligent sampling strategy. Our experiments
demonstrate that the proposed framework not only achieves signif-
icant performance improvement across multiple QA datasets but
also exhibits strong inductive reasoning. These results underscore
its scalability and potential to generalize effectively in real-world
scenarios.
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