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Abstract

Retrieval-Augmented Generation (RAG) inte-
grates non-parametric knowledge into Large
Language Models (LLMs), typically from un-
structured texts and structured graphs. While
recent progress has advanced text-based RAG
to multi-turn reasoning through Reinforcement
Learning (RL), extending these advances to hy-
brid retrieval introduces additional challenges.
Existing graph-based or hybrid systems typi-
cally depend on fixed or handcrafted retrieval
pipelines, lacking the ability to integrate sup-
plementary evidence as reasoning unfolds. Be-
sides, while graph evidence provides relational
structures crucial for multi-hop reasoning, it
is substantially more expensive to retrieve.
To address these limitations, we introduce
RouteRAG, an RL-based framework that en-
ables LLMs to perform multi-turn and adaptive
graph-text hybrid RAG. RouteRAG jointly op-
timizes the entire generation process via RL, al-
lowing the model to learn when to reason, what
to retrieve from either texts or graphs, and when
to produce final answers, all within a unified
generation policy. To guide this learning pro-
cess, we design a two-stage training framework
that accounts for both task outcome and re-
trieval efficiency, enabling the model to exploit
hybrid evidence while avoiding unnecessary re-
trieval overhead. Experimental results across
five question answering benchmarks demon-
strate that RouteRAG significantly outperforms
existing RAG baselines, highlighting the ben-
efits of end-to-end RL in supporting adaptive
and efficient retrieval for complex reasoning. !

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in reasoning,
decision-making, and long-form generation (Zhao
etal., 2023; Touvron et al., 2023; Team et al., 2024),
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'The code is publicly available at https://github.com/
YucanGuo/RouteRAG.

especially when further trained with Reinforcement
Learning (RL) (OpenAl et al., 2023; DeepSeek-
Al et al., 2025; Yang et al., 2025a). These abil-
ities have enabled LLMs to follow complex in-
structions, emulate chain-of-thought reasoning, and
solve complicated multi-hop questions (Zhou et al.,
2023; Wei et al., 2022). However, the knowledge
of LLMs remains static, bounded by the data avail-
able at pretraining time. As a result, LLMs often
produce inaccurate or outdated outputs when faced
with knowledge-intensive queries that require ac-
cess to external or up-to-date information (Augen-
stein et al., 2024; Huang et al., 2025).

To overcome this limitation, Retrieval-
Augmented Generation (RAG) has emerged as a
core paradigm for enhancing LL.Ms with access
to external knowledge sources (Lewis et al., 2020;
Gao et al., 2023). By conducting retrieval at
inference time, RAG decouples knowledge from
model parameters, improving factual accuracy
and generalization. Early RAG systems typi-
cally perform a single round of retrieval before
generation (Guu et al., 2020; Wang et al., 2023).
Recent work has shown the benefits of multi-turn
retrieval, where the model interleaves retrieval and
reasoning over multiple steps (Yao et al., 2023;
Trivedi et al., 2023; Li et al., 2025). However,
these prompt-based approaches often depend on
large closed-source models with strong intrinsic
reasoning and planning skills. Smaller open-source
models struggle to determine when to retrieve, how
to formulate retrieval queries, and how to analyze
retrieved evidence. This gap has motivated a new
line of research (Jin et al., 2025; Song et al., 2025)
that employs RL to explicitly train models to make
retrieval and reasoning decisions. By optimizing
a learned policy over interleaved thinking and
retrieval actions, these RL-based methods aim
to equip models with adaptive, context-sensitive
retrieval strategies that surpass static instructions.

In parallel, graph-based RAG systems (Edge
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et al., 2024; Gutiérrez et al., 2024, 2025) utilize
structured knowledge graphs to integrate and rea-
son over information scattered across multiple pas-
sages, thereby improving coverage of factual enti-
ties and relations. While graphs enable more accu-
rate entity disambiguation and multi-hop path rea-
soning than text-only retrieval, retrieving and pro-
cessing graph evidence is often more computation-
ally expensive, especially in large-scale or dense
graphs. Moreover, existing graph-based RAG sys-
tems typically operate in a one-shot retrieval set-
ting, fetching graph evidence once before genera-
tion, and lack the ability to adaptively choose be-
tween graph and text retrieval based on the evolving
information needs of the query. Consequently, the
current architecture of graph-based RAG systems
presents challenges in managing complex reason-
ing that necessitates multi-turn interactions, and
can also lead to unnecessary retrieval overhead
when the reasoning chain is too long.

We address these limitations with RouteRAG,
an RL-based framework that enables LL.Ms to per-
form multi-turn and hybrid retrieval over both un-
structured texts and structured knowledge graphs.
Instead of passively executing preset instructions,
RouteRAG actively orchestrates retrieval deci-
sions, selecting when and where to access external
knowledge. To overcome the challenges of man-
aging complex reasoning and avoiding unneces-
sary retrieval overhead, RouteRAG learns to inter-
leave reasoning, retrieval, and answer formulation
through a unified generation policy, adapting its
retrieval behavior to the evolving task context.

To enable RouteRAG to generate accurate an-
swers while efficiently retrieving relevant knowl-
edge, we adopt a two-stage Group Relative Policy
Optimization (GRPO) (Shao et al., 2024) training
framework. In the first stage, the model is rewarded
solely for answer correctness, allowing it to acquire
the core capability of generating accurate responses
and establishing a solid starting point for further
optimization. In the second stage, we introduce an
additional efficiency reward that discourages un-
necessary retrieval, guiding the model to strike a
balance between accuracy and computational cost.
With these designs, RouteRAG can achieve both
high accuracy and retrieval efficiency in complex
multi-hop reasoning tasks.

Our main contributions lie in three aspects:

* We propose RouteRAG, an RL-based frame-
work for multi-turn and hybrid RAG. The

model learns a unified generation policy that
interleaves reasoning, adaptive graph-text hy-
brid retrieval, and answer formulation through
a two-stage training framework.

* We design a reward function that jointly opti-
mizes answer accuracy and retrieval efficiency,
encouraging the model to retrieve selectively
and to reason effectively over retrieved evi-
dence across multiple steps.

* Extensive experiments on five Question An-
swering (QA) benchmarks demonstrate that
RouteRAG outperforms prior multi-turn and
graph-based RAG systems significantly.

2 Related Work

2.1 RAG

RAG has become a key paradigm for enhanc-
ing LLMs with external knowledge, thus mitigat-
ing hallucination and improving factual ground-
ing (Guu et al., 2020; Gao et al., 2023). Traditional
RAG systems retrieve relevant text chunks from
an external knowledge base according to the query,
and then feed the query into the LLM together with
those text chunks to generate a final answer (Lewis
et al., 2020; Yu et al., 2022). Beyond such one-shot
retrieve-then-generate pipelines, recent research
has explored multi-turn retrieval to provide more
fine-grained and incremental supplementation of
external knowledge, interleaving reasoning with
evidence acquisition. For instance, IRCoT (Trivedi
etal., 2023) shows that alternating chain-of-thought
reasoning with retrieval improves the performance
of LLM on knowledge-intensive multi-hop QA.
Search-ol (Li et al., 2025) further develops this
line by introducing a reason-in-documents module
to alleviate the issue of redundant information in
retrieved documents.

As an alternative route for deep knowledge in-
tegration, graph-based RAG methods incorporate
structured knowledge graphs to aggregate evidence
across passages and to make relational connections
explicit (Peng et al., 2024; Zhao et al., 2023). By
exposing entities and relations directly, these meth-
ods are particularly effective for multi-hop ques-
tions that require linking facts across disparate doc-
uments (Edge et al., 2024; Gutiérrez et al., 2024,
2025). However, graph retrieval is often more com-
putationally expensive than text retrieval, and exist-
ing methods commonly perform one-shot retrieval.
Although recent work such as HybGRAG (Lee
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et al., 2025b) demonstrates that multi-turn hybrid
text-graph retrieval is feasible through predefined
multi-step procedures, these methods rely on fixed
heuristics rather than a learnable policy.

2.2 RL for LLM Reasoning

RL has played a central role in improving the rea-
soning capabilities of LLMs. RL from Human
Feedback (RLHF) (Christiano et al., 2017; Ouyang
et al., 2022) has established a standard paradigm,
where a reward model trained from human prefer-
ences directs the optimization of policies (Lambert
et al., 2025), allowing models to adhere to instruc-
tions and reason with greater accuracy. Proximal
Policy Optimization (PPO) (Schulman et al., 2017)
remains the predominant algorithm for achieving
these goals. More recently, GRPO (Shao et al.,
2024) has been proposed as a more efficient vari-
ant, which leverages group-wise relative rewards
to stabilize training and reduce variance. Building
on these advances, researchers have begun to ap-
ply RL directly to the training of multi-turn RAG
systems (Jin et al., 2025; Song et al., 2025). For
instance, Search-R1 (Jin et al., 2025) trains LLMs
with RL to decide when and what to search in the
middle of reasoning, using only outcome rewards.
While this reward design effectively improves cor-
rectness, it does not explicitly address retrieval cost
or efficiency.

3 RouteRAG

In this section, we present RouteRAG, an RL-based
framework for multi-turn hybrid RAG. We first de-
scribe the multi-turn workflow and the mechanism
for hybrid knowledge access (Section 3.1). Sub-
sequently, we introduce our two-stage RL frame-
work (Section 3.2), encompassing the formulation
of outcome and efficiency rewards, alongside the
GRPO-based training algorithm.

3.1 Overall Framework

We begin by outlining the overall architecture of
RouteRAG. This framework integrates LLMs with
external retrievers in a multi-turn reasoning loop,
where special tokens from the reasoning process
can trigger retrieval actions from text and graph
knowledge sources. We describe the multi-turn
reasoning and retrieval workflow in Section 3.1.1
and the hybrid knowledge access mechanisms of
the external retriever in Section 3.1.2.

Algorithm 1 RouteRAG Framework

Require: Input query g, policy model 7, retriever R, maxi-
mum step budget B.
Ensure: Final response y.
1: Initialize response y < 0, step count b < 0
2: while b < B do

3: Initialize current rollout y;, < ()

4: while True do

5 Sample next token y' ~ mo(- | ¢,y + y»)

6: b b+ Yy’

7 ify ¢ { , , <eos>} then
8 break

9 Y=y+u

10 if detected in y, then

11 if in y, then m <— Passage

12: if in yp then m <— Graph

13: if and in y, then

14 m < Hybrid

15 Extract query ¢’ < ParseQuery(ys)

16 d <+ R(q',m)

17: Y<—y+ d

18: else if detected in y, then
19: return final response y

20: b+—b+1
21: return final response y

3.1.1 Multi-Turn Reasoning and Hybrid
Retrieval Workflow

We formulate multi-turn retrieval-augmented gen-
eration as a sequential decision-making process,
as shown in Algorithm 1. Given an input query
q, the policy model 7y interacts with external
knowledge sources over a sequence of steps b =
{1,..., B}, where B is the maximum step bud-
get. At each step, the policy model conditions
on the query and the current context to generate
an action token. The action space includes con-
tinuing internal reasoning, triggering a retrieval
operation ( ), or producing
a final answer ( ). The re-
trieval operation further specifies a retrieval mode
m € {Passage, Graph, Hybrid} by special tokens
y € { , } and a sub-query ¢/,
which are used to obtain documents d from the re-
triever R(q’, m). The retrieved information is then
appended to the context and becomes available for
subsequent reasoning.

This workflow enables the model to progres-
sively refine its knowledge state by deciding what
to retrieve and when to retrieve it, conditioned on
the evolving reasoning trajectory. Moreover, the
explicit action space over different retrieval modes
allows the model to adaptively choose among pas-
sage, graph, and hybrid retrieval, depending on the
requirements of the query.
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Figure 1: Previous RL-based multi-turn RAG vs. RouteRAG. Prior methods mainly focus on interleaving reasoning
with passage retrieval and reward on answer correctness. RouteRAG extends retrieval to passage, graph, and hybrid
modes, and is trained with a two-stage RL framework that optimizes both accuracy and efficiency.

3.1.2 Hybrid Knowledge Access

In RouteRAG, the retriever R is responsible for
providing external knowledge to support reasoning,
with three different retrieval modes.

Passage Retrieval. The passage retriever
is implemented with Dense Passage Retrieval
(DPR) (Karpukhin et al., 2020), which encodes
both the sub-query and all passages in the corpus
into a shared embedding space. Retrieval is per-
formed by computing similarity scores between the
query vector and passage vectors, and the top-k
passages are selected as evidence.

Graph-based Retrieval. The graph retriever is im-
plemented based on HippoRAG 2 (Gutiérrez et al.,
2025), which first constructs a knowledge graph
over passages. Given a sub-query, the retriever ap-
plies personalized PageRank over the graph to prop-
agate relevance from query-linked nodes, thereby
identifying passages that are related to the query
through multi-hop connections.

Hybrid Retrieval. The hybrid retriever combines
passage and graph retrieval using Reciprocal Rank
Fusion (RRF) (Cormack et al., 2009). Specifically,
given two ranked lists, each document is assigned
a fused score that decreases with its reciprocal rank
in each list, which ensures that documents highly
ranked by either retrieval mode are promoted in the

merged list. Formally, the fused score is defined as

1
Z k + rank,,(d)’ M

mée{Passage,Graph}

RRF(d) =

where rank,, (d) denotes the rank position of docu-
ment d in retrieval mode m, and k is a smoothing
hyperparameter. Documents are then re-ranked
according to RRF(d) to form the final hybrid list.

3.2 Two-Stage Reinforcement Learning

To optimize the unified generation policy,
RouteRAG is trained with a two-stage RL frame-
work based on GRPO. The motivation is to first
ensure that the model acquires the basic ability to
produce correct answers, and then to further refine
its retrieval strategy to improve efficiency with-
out sacrificing accuracy, as shown in Figure 1. In
this section, we introduce the reward design that
guides the learning objectives (Section 3.2.1) and
the training algorithm that realizes the optimization
procedure (Section 3.2.2).

3.2.1 Reward Design

RL optimization is fundamentally guided by the
reward signal. To support the two-stage training,
we devise different rewards for each stage, i.e.,
outcome-oriented reward and accuracy—efficiency
reward.

Stage 1: Outcome-Oriented Reward. In the first
stage, the reward is defined purely by the correct-
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ness of the model output. Specifically, the reward
is set to 1 if the generated answer y exactly matches
the ground-truth label y*, and O otherwise:

Ry(z,y) = EM(y, y*). (2)

Stage 2: Accuracy-Efficiency Reward. In the
second stage, we extend the reward function to
jointly optimize for correctness and retrieval effi-
ciency. The reward is defined as

R¢(3§‘ y) _ Routcomea Routcome =0
’ Routcome + Refﬁciencya Routcome =1 ’
3)

where Roucome € {0, 1} denotes exact match accu-
racy. The efficiency reward Refficiency 1s computed
from the total retrieval time across all reasoning
steps, and only for those trajectories that correctly
reach the answer. We apply a centered scaling by
subtracting the average retrieval time t,y,, such that

tavg — 1

T “4)

Refﬁciency =

where ¢ is the total retrieval time for the current
trajectory, t,y, is the average retrieval time of the
current batch, and 7' is a normalization constant
ensuring the value of ¢ and t,y, € [0,0.5]. This
design provides positive reward for trajectories that
achieve the correct answer at a pace exceeding the
average, while imposing penalties on those that
do not, thereby encouraging the model to retrieve
more selectively without sacrificing answer quality.

3.2.2 Training Algorithm

We adopt GRPO (Shao et al., 2024; DeepSeek-Al
et al., 2025) to train the unified generation policy
g over interleaved reasoning and retrieval actions.
GRPO stabilizes learning by comparing trajectories
within a group, thereby reducing variance in sparse-
reward settings.

The policy model 7y is optimized by maximizing
the following objective:

G
1
Jareo(8) =Ernq (u Y ~vmog (Yia) ¢ Z
i=1

min (ri (0)A;, clip(r;(0),1 —e, 1+ e)Al)

- BDKL[T"GM |7r9]:| )

(%)
where € and 3 are hyperparameters, g, denotes
the old policy, 7;(0) = molwilt) - 4. denotes the

T0gq (¥ilZ)

group-relative advantage for the ¢-th trajectory, and
the KL penalty Dy [mg,,, || 79| regularizes the new
policy against deviating excessively from the old
policy. Further theoretical analysis on the effective-
ness of the efficiency reward and GRPO is provided
in Section A.

4 Experiments

4.1 Experimental Setting

Evaluation Datasets. Following (Gutiérrez
et al.,, 2024) and Gutiérrez et al. (2025), we
evaluate RouteRAG on five widely used bench-
marks for simple and multi-hop QA, namely
PopQA (Mallen et al., 2023), Natural Questions
(NQ) (Kwiatkowski et al., 2019; Wang et al., 2024),
HotpotQA (Yang et al., 2018), 2WikiMultihopQA
(2Wiki) (Ho et al., 2020), and MuSiQue (Trivedi
et al., 2022). PopQA is an open-domain QA dataset
designed to evaluate factual recall over long-tail
knowledge, and NQ contains naturally occurring
queries paired with answers from Wikipedia. Hot-
potQA and 2Wiki focus on multi-hop reasoning
across Wikipedia passages, while MuSiQue re-
quires reasoning over compositional sub-questions.

Baselines. We compare RouteRAG against sev-
eral types of representative approaches: (1) Vanilla
RAG (Lewis et al., 2020), which performs single-
shot dense passage retrieval and generation. (2)
Multi-turn RAG methods, including Search-o1 (Li
et al., 2025), Search-R1 (Jin et al., 2025), and R1-
Searcher (Song et al., 2025), wherein the latter two
methods utilize RL to enhance multi-turn passage
RAG. (3) Graph-based RAG methods, including
GraphRAG (Edge et al., 2024), LightRAG (Guo
et al., 2025), RAPTOR (Sarthi et al., 2024), Hip-
poRAG (Gutiérrez et al., 2024), and HippoRAG
2 (Gutiérrez et al., 2025), which leverage structured
knowledge graphs for retrieval.

Implementation Details. We conduct train-
ing using Qwen2.5-3B-Instruct and Qwen2.5-7B-
Instruct (Yang et al., 2025b) as the backbone mod-
els. The training data consists of 10k sampled
queries from the HotpotQA training set (Yang et al.,
2018), while the retrieval corpus is built from their
associated documents. For retrieval, we adopt
Contriever (Izacard et al., 2022) and NV-Embed-
v2 (Lee et al., 2025a) as the dense retriever for 3B
and 7B models, respectively. For baseline evalua-
tions, text-based RAG systems are assessed under
the same Qwen2.5 backbone, while graph-based
RAG systems utilize the GPT-40-mini backbone.
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Simple QA

Multi-hop QA

Method Average
PopQA NQ HotpotQA 2Wiki MuSiQue
EM F1 EM F1 EM F1 EM F1 EM F1 EM F1

@ GPT-40-mini

Direct Inference  16.1  22.7 352 52.7 28.6 410 302 36.3 112 220 243 349

Graph-based RAG

GraphRAG 307 513 380 555 514 676 457 61.0 27.0 420 386 555

LightRAG 1.9 148 2.8 15.4 9.9 20.2 2.5 12.1 20 93 38 144

RAPTOR 419 551 378 54.5 50.6 64.7 39.7 484 277 392 395 524

HippoRAG 425 562 372 52.5 46.3 60.0 594 673 240 359 419 544

HippoRAG 2 417 557 434 60.0 563 711 60.5 69.7 350 493 474 612
\v; Qwen2.5-3B

Vanilla RAG 303 41.6 18.1 31.8 29.5 41.8 19.7 274 103 175 216 320

Graph-based RAG

HippoRAG 2 29.1 40.1 203 335 312 450 215 33.8 122 202 229 345

Multi-turn RAG

Search-o1 171 238 199 29.1 18.7 26.3 16.9 20.9 39 105 153 221

Search-R1 458 533 46.2* 54.8° 452 569" 424 508 222 309 404 493

RouteRAG-3B 494 56.8 44.1 534 532* 651 575 641 30.7 393 47.0 55.7
\v; Owen2.5-7B

Vanilla RAG 263 378 11.0  30.6 29.1 47.5 17.2 333 114 23.0 19.0 344

Graph-based RAG

HippoRAG 2 27.0 379 8.1 27.2 274  46.1 16.8 347 123 240 183 34.0

Multi-turn RAG

Search-ol 4.7 7.2 18.1 27.5 13.5 19.1 6.4 7.9 2.9 7.7 9.1 139

R1-Searcher 284 41.0 41.6 522 46.6* 56.7F 417" 49.0" 293 37.6 375 473

Search-R1 51.3 571 568" 653" 51.0° 62.0° 51.8 589 32.0 40.8 48.6 56.8

RouteRAG-7B  50.6 564 51.5 60.4 60.8° 72.5° 57.1 646 39.6 493 519 60.6

Table 1: Main results on simple and multi-hop QA benchmarks. The best results within each backbone group are
indicated in bold, while the underlined values represent the second-best results. * represents in-domain datasets.

In particular, HippoRAG 2 (Gutiérrez et al., 2025),
the strongest graph-based baseline, is evaluated
employing both Qwen2.5 and GPT-40-mini back-
bones. We report Exact Match (EM) and F1 scores
as evaluation metrics. Additional implementation
details, including the training prompt template, hy-
perparameters, and training configuration, are pro-
vided in Section B.

4.2 Main Results

We conduct a comprehensive comparison of
RouteRAG against all the baseline methods, as
shown in Table 1. From the results, we make the
following key observations:

(1) RouteRAG substantially improves the per-
formance of a small backbone, especially on
multi-hop QA. Graph-based methods such as Hip-

poRAG 2 perform well with the strong GPT-4o-
mini backbone but drop sharply with the smaller
Qwen2.5-3B and Qwen2.5-7B models, indicating
that small LLMs struggle to handle complex rea-
soning chains. In contrast, RouteRAG achieves
much better performance on small backbones by
jointly learning reasoning, retrieval, and answer
generation within a unified policy model.

(2) RouteRAG approaches GPT-40-mini-
based graph-based RAG systems despite using
a much smaller model. Despite the large per-
formance gap usually observed between GPT-4o-
mini and Qwen2.5-3B/7B, RouteRAG narrows this
gap substantially and even surpasses several graph-
based systems built on GPT-40-mini. This suggests
that improving the policy can be as impactful as
scaling up the backbone itself.
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Method PopQA NQ HotpotQA 2Wiki MuSiQue Average
EM F1 EM F1 EM F1 EM F1 EM F1 EM F1

RouteRAG-3B 494 568 44.1 534 532 651 575 641 307 393 47.0 55.7
w/o Stage 2 training 47.0 54.6 39.1 494 464 58,6 485 556 243 33.0 41.1 502
w/o training  26.2 413 186 30.5 354 469 244 379 154 244 240 362
w/ only passage retrieval  48.7 552 439 533 531 645 53.0 589 280 362 453 536
w/ only graph-based retrieval 49.3 56.8 43.8 53.0 534 655 574 642 29.7 383 46.7 55.6
w/ only hybrid retrieval 487 559 43.1 525 533 65.1 537 598 288 37.0 455 540

Table 2: Ablation studies on RL training and hybrid retrieval. “w/o training” denotes the base model without any
RL training, and “w/o stage 2 training” denotes training only with the first stage. For hybrid retrieval ablation, we
compare RouteRAG with variants restricted to only passage retrieval, only graph retrieval, or only hybrid retrieval.

Method PopQA NQ HotpotQA 2Wiki MuSiQue Average
EM F1 EM F1 EM F1 EM F1 EM F1 EM Fi1
RouteRAG-3B 494 568 441 534 532 651 575 64.1 307 393 470 557
w/o efficiency reward 41.5 54.1 41.1 51.7 537 662 569 65.0 302 389 447 552
RouteRAG-7B 50.6 564 515 604 608 725 571 646 396 493 519 60.6
w/o efficiency reward 46.0 54.1 525 621 599 72.6 495 568 424 520 50.1 59.5

Table 3: Ablation study on efficiency reward. “w/o efficiency reward” denotes training only with EM-based outcome

rewards.

(3) RouteRAG outperforms the strongest RL-
trained multi-turn baseline with much smaller
training cost. Search-R1, the prior strongest
RL-based multi-turn system, is trained on 170k
questions from NQ and HotpotQA. Despite be-
ing trained on a mere 10k HotpotQA instances,
RouteRAG achieves the best average scores among
all 3B and 7B methods, demonstrating that struc-
tured retrieval and retrieval mode selection can
yield more effective and sample-efficient multi-
turn RAG policies than scaling training data alone.
While RouteRAG is slightly weaker on simple QA,
this is expected because the training data is dom-
inated by multi-hop questions. Nevertheless, its
overall performance remains competitive given the
smaller training cost.

4.3 Ablation Study

In this section, we conduct ablation experiments
to validate the effectiveness of RL training, hybrid
retrieval, and the efficiency reward.

RL Training. The upper part of Table 2 com-
pares the full model against two ablated variants:
(1) a model trained only with the first stage, and
(2) the untrained backbone. The results show that
RouteRAG already acquires a strong reasoning abil-
ity through the Stage 1 training, outperforming the

untrained backbone by a large margin. The Stage
2 training further improves the performance of
RouteRAG, especially on multi-hop QA datasets.

Hybrid Retrieval. The lower part of Table 2
presents an ablation study comparing RouteRAG
with variants restricted to a single retrieval mode.
Passage retrieval performs well on simple QA,
while graph retrieval is more effective for multi-
hop reasoning, confirming their complementary
strengths. The full RouteRAG achieves the highest
average accuracy by dynamically selecting among
the three modes, showing that adaptive retrieval
yields stronger robustness and generalization than
any fixed strategy.

Efficiency Reward. @ We evaluate whether
RouteRAG learns to retrieve evidence more effi-
ciently while keeping effectiveness with the effi-
ciency reward by comparing it to a variant trained
only with the outcome reward, using the same
number of training steps. As shown in Table 3,
RouteRAG maintains comparable or even higher
accuracy than its outcome rewards-only counter-
part. Figure 2 shows that both RouteRAG-3B and
RouteRAG-7B consistently reduce the average re-
trieval turns across all datasets, with larger savings
observed on the 7B model. Table 4 further assesses
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Figure 2: Comparing the average retrieval turns of RouteRAG and its variant without efficiency reward.

Table 4: Average retrieval turns and accuracy of
RouteRAG.

Method Avg. Turns Avg. F1
RouteRAG-3B 243 55.7
w/o efficiency reward ~ 2.51 (+3.3%) 55.2 (-0.5)
RouteRAG-7B 2.25 60.6
w/o efficiency reward  2.70 (+20%)  59.5 (-1.1)

the trade-off between retrieval turns and task accu-
racy, highlighting that efficiency gains do not come
at the cost of answer quality. This demonstrates
that incorporating efficiency rewards encourages
the policy to avoid unnecessary retrieval steps while
still collecting sufficient evidence. A comprehen-
sive analysis of this phenomenon is available in
Section A.4.

4.4 Analysis on Reasoning Ability

To better understand how the multi-round reasoning
ability of RouteRAG evolves during training, we
analyze the average number of reasoning steps be-
fore and after training. As shown in Figure 3, both
the 3B and 7B models exhibit increased reasoning
depth after training. Compared with RouteRAG-
3B, RouteRAG-7B shows a more pronounced im-
provement, with larger gains on the more com-
plex MuSiQue and 2Wiki datasets, and smaller
increases on PopQA and NQ. Figure 4 further ex-
pands the analysis by jointly examining perfor-
mance, response token length, and reasoning turns
across datasets. The results show that RouteRAG
consistently achieves a more favorable balance
among the three factors compared with Search-R1
and R1-Searcher, achieving high F1 with moderate
token length. For a qualitative view of how the rea-
soning behavior changed in practice, case studies
comparing model outputs before and after training
are presented in Section D.2.

RouteRAG Qwen2.5

_ 2Wiki

MuSiQue AN

‘ MuSiQue /,// .
\4 d
3 3
1 AN [ 1\
| HotpotQA [ | HotpotQA
/ AN //’
PopQA / PopQA .
NQ o NQ
3B Models 7B Models

Figure 3: Comparison of average reasoning steps.
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Figure 4: Comparison in terms of performance, re-
sponse token length, and reasoning turns.

4.5 Analysis on Dense Retrievers

Table 5 shows the performance of RouteRAG and
Search-R1 with two different dense retrievers, i.e.,
Contriever (Izacard et al., 2022) and NV-Embed-
v2 (Lee et al., 2025a). Across both 3B and 7B
model sizes, RouteRAG yields consistent gains on
multi-hop QA benchmarks, regardless of which
dense retriever is used. In contrast, Search-R1
is more sensitive to the quality of the dense re-
triever, benefiting substantially from the stronger
NV-Embed-v2 retriever on simple QA tasks. This
highlights that RouteRAG relies less heavily on the
dense retriever, since its adaptive use of graph and
hybrid retrieval provides accurate evidence, thereby
stabilizing performance even when the dense re-
triever is relatively weak.
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Simple QA

Multi-hop QA

Method Average
PopQA NQ HotpotQA 2Wiki MuSiQue
EM F1 EM F1 EM F1 EM F1 EM F1 EM F1

\y; Qwen2.5-3B

Contriever

Search-R1 458 533 46.2* 54.8° 452" 569* 424 508 222 309 404 493

RouteRAG 494 56.8 44.1 53.4 532 65.1" 575 64.1 307 393 470 557

NV-Embed-v2

Search-R1  53.5 60.1 54.8° 63.1" 51.0° 625° 457 545 321 410 474 562

RouteRAG 53.0 59.6 47.0 573 56.1* 682 582 654 366 454 502 59.2
\y; Qwen2.5-7B

Contriever

Search-R1  47.1 527 49.5* 58.1*% 452* 557 459 527 244 318 424 502

RouteRAG 50.5 56.7 469 554 53.8% 653" 553 627 343 437 482 56.8

NV-Embed-v2

Search-R1 51.3 571 56.8° 65.3° 51.0* 620 51.8 589 320 408 486 56.8

RouteRAG 50.6 564 515 604 608 725 571 64.6 39.6 493 519 60.6

Table 5: Performance comparison among RouteRAG and Search-R1 with different dense retrievers. * represents

in-domain datasets.

5 Conclusions

In this paper, we presented RouteRAG, an RL
framework for efficient multi-turn hybrid RAG.
Unlike prior multi-turn RAG systems that rely on
static prompting or single-mode retrieval, our ap-
proach learns a unified policy that interleaves rea-
soning, retrieval mode selection, retrieval query
generation, and answer generation. Our two-
stage training framework further ensures that the
model first acquires robust answer correctness and
then improves retrieval efficiency without sacri-
ficing accuracy. Experiments conducted on five
knowledge-intensive QA benchmarks demonstrate
that RouteRAG significantly outperforms existing
graph-based and multi-turn RAG systems, high-
lighting that efficiency gains can be achieved with-
out compromising answer quality.

Limitations

Despite the strong empirical results, our proposed
RouteRAG has several limitations. First, due to
computational constraints, we conduct RL training
and evaluation only on 3B and 7B LLMs. Larger
or more diverse model architectures may exhibit
different behaviors under our training framework.
Second, our experiments utilize HippoRAG 2 as
the graph retriever. While we adopt it because it is

currently the strongest graph-based RAG system,
this choice limits our evaluation of how RouteRAG
interacts with alternative graph retrievers or graph
construction pipelines.
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A Analysis on Efficiency Reward

In this section, we provide a detailed theoretical
analysis of why the efficiency reward designed in
RouteRAG improves selective retrieval in GRPO-
based training.

A.1 Batch-Level Efficiency Reward

Let 7; denote the i-th trajectory in a group of G
trajectories sampled from a batch of size B. The
total reward for trajectory 7; is

Routcome (Ti), Roucome(75) =0
Routcome (i) + Reffciency ()5 Routcome (T5) = 1

(6)
where Roucome(7i) € {0,1} indicates the cor-
rectness of the answer. The efficiency reward is
centered on the batch-level average retrieval time
rather than the group-level average:

Ry(mi) = {

tave — 5 1
Refﬁciency (Tz) = %1 tan = E Z tT’
TEbatch
(7

where ¢, is the total retrieval time of trajectory 7,
and 7' is a normalization constant.

There are three main reasons for choosing batch-
level efficiency reward together with GRPO-based
training, instead of using group-level efficiency:

* Variance reduction and stability. Batch-
level averaging reduces the impact of noisy
fluctuations in retrieval time (e.g., hardware
latency or network delays).

* Mitigating anomalies across queries. Al-
though batch-level normalization may pro-
duce unusually high or low raw efficiency
rewards for certain queries, GRPOs group-
relative advantage compensates for this effect.

* Encouraging selective retrieval. Combining
batch-level centering with GRPO advantage
ensures that trajectories with unnecessary re-
trieval are penalized, while efficient yet accu-
rate trajectories are favored.

A.2 Variance Reduction and Stability

Each GRPO group may contain only a few trajec-
tories (e.g., G = 5). Raw retrieval times ¢; can
fluctuate due to hardware noise, network latency,
or retriever stochasticity. If group-level averaging
were used, such fluctuations could lead to unsta-
ble rewards. By computing ¢,y across the entire
batch, we obtain a more stable reference signal that
smooths out these random variations.

This reduces the variance of the group-relative
advantage, which in turn stabilizes policy gradient
updates.

A.3 Mitigating Anomalies Across Queries

Batch-level normalization may produce unusually
high or low raw efficiency rewards for certain
queries. For example, a simple question requiring
little retrieval could yield a disproportionately large
positive Refficiency (73). This is indeed a potential
drawback of using batch-level efficiency reward.

However, GRPO compensates for this issue
through its group-relative formulation. Although
Refficiency (77) is normalized at the batch level, the
advantage A; is computed relative to the group
mean reward within each GRPO group, i.e.,

Ry(mi) — & 352, Ry(7y)
std({Re(r)}5.,)

Even if a particular query obtains an abnormally
large batch-normalized efficiency reward, its in-
fluence on learning is moderated by this group-
relative centering. As a result, the combination of
batch-level normalization and group-level center-
ing ensures that the learning signal remains consis-
tent across diverse query types.

i =

(®)

A.4 Encouraging Selective Retrieval

For trajectories that correctly answer the query
(Routcome = 1), the numerator of A; can be de-
composed into outcome and efficiency components,
yielding

(1 - M) + (Refﬁciency(n) - m)
std ({Ro () }521) ’
)
where Routcome and Refficiency are group means com-
puted within the GRPO group, while Refficiency (7;)

itself is computed using the batch-level reference

A =

tave-
From Equation (9) we see:

 If a trajectory answers correctly and its re-
trieval time is less than the group average,
then Refﬁciency (Tz) - Refﬁciency > 0, and con-
sequently, the numerator increases, thereby
rewarding the policy for selective retrieval.

* If a trajectory performs redundant retrieval,
the efficiency term is negative and reduces A;,
discouraging unnecessary retrieval.

Thus, GRPO guides the policy towards trajecto-
ries that balance correctness with efficient retrieval.
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B Implementation Details

B.1 Evaluation Datasets and Baselines

Evaluation Datasets. The statistics of evaluation
datasets are shown in Table 6.

Table 6: Dataset statistics

Dataset # of queries # of passages

PopQA 1,000 8,678

NQ 1,000 9,633

HotpotQA 1,000 9,811

2Wiki 1,000 6,119

MuSiQue 1,000 11,656
Baselines.

¢ Vanilla RAG (Lewis et al., 2020) is a standard
RAG framework that combines an LLM with
a learned retriever to condition generation on
retrieved documents.

* Search-ol (Li et al., 2025) is an agentic re-
trieval system that performs on-demand multi-
step search with a “reason-in-documents” re-
finement module.

¢ Search-R1 (Jin et al., 2025) is an RL-trained
model that interleaves stepwise reasoning
with autonomous search actions.

* R1-Searcher (Song et al., 2025) is an RL ap-
proach that teaches LLMs when and how to
invoke external search for improved reason-
ing.

* GraphRAG (Edge et al., 2024) is a graph-
based RAG method that aggregates evidence
via local-to-global graph traversal.

* LightRAG (Guo et al., 2025) is a lightweight
and efficient graph-based RAG method with
simplified indexing and fast dual-level re-
trieval.

* RAPTOR (Sarthi et al., 2024) is a hierarchi-
cal, tree-structured RAG approach that uses
recursive summarization to access multi-level
abstractions.

* HippoRAG (Gutiérrez et al., 2024) is a
memory-inspired RAG framework that builds
a knowledge graph and retrieves via personal-
ized PageRank.

* HippoRAG 2 (Gutiérrez et al., 2025) is an
enhanced graph-based RAG framework that
extends HippoRAG with deeper passage inte-
gration.

B.2 Training Prompt Template

The training prompt template for the policy LLM
is shown in Table 7.

B.3 Training Details

Hyperparameters. = For GRPO training of
RouteRAG, we set the policy LLM learning rate
to 1 x 1079, a total batch size of 256, with a mini-
batch size of 128 and a micro-batch size of 32. The
KL divergence regularization coefficient /3 is set
to 0.001, and the clip ratio € is set to 0.2. The re-
trieval budget is fixed at B = 4, and the number
of retrieved passages per call is £ = 3. The maxi-
mum sequence length is set to 4,096 tokens, with a
maximum response length of 500 tokens, a maxi-
mum start length of 2,048 tokens, and a maximum
observation length of 500 tokens.

Open Information Extraction Models We em-
ploy Llama-3.1-8B-Instruct and Llama-3.3-70B-
Instruct (Grattafiori et al., 2024) for Open Infor-
mation Extraction (OpenlE) during graph construc-
tion. Following HippoRAG 2, the model is used to
extract entities and relational triplets from corpus
passages, which are then used to build the knowl-
edge graph that supports graph and hybrid retrieval
in both HippoRAG 2 and RouteRAG. For exper-
iments based on 3B models, we use Llama-3.1-
8B-Instruct as a more lightweight alternative to the
larger OpenlE models (Llama-3.3-70B-Instruct and
GPT-40-mini) adopted in HippoRAG 2. For exper-
iments involving 7B models, we adopt the same
Llama-3.3-70B-Instruct model used in HippoRAG
2 to construct higher-quality graphs.

Training Configuration. Our training framework
is adapted from the Search-R1 training frame-
work (Jin et al., 2025), which builds upon the
verl (Sheng et al., 2025). Training is conducted on
a single node with 8§ x80GB NVIDIA A100 GPUs.
To improve memory efficiency, we enable gradient
checkpointing and apply Fully Sharded Data Par-
allel (FSDP) with CPU offloading for parameters,
gradients, and optimizer states. Rollouts are sam-
pled with vLLM (Kwon et al., 2023) using a tensor
parallel size of 1 and a GPU memory utilization
ratio of 0.6. The rollout sampling temperature is
set to 1.0.
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Table 7: Training prompt template for multi-turn reasoning and retrieval.

Training Prompt Template for the Policy LLM

strict format:
retrieval methods):
- Use

- Use
- You can combine them as
3. Finally, wrap everything in and
For example:
- Using dense retrieval:

- Using graph-based retrieval:

- Using both methods:

Answer the given question. You must conduct reasoning inside <think> and </think> first every time you get new
information. After reasoning, if you find you lack some knowledge, you can call a search engine using the following

1. You MUST first decide which retrieval mode to use (both modes will return relevant documents, but use different

to find documents using semantic similarity-based dense retrieval

to find documents through graph-based retrieval, which performs retrieval on a structured knowl-
edge graph constructed from documents using fact ranking and graph reasoning

to get documents from both retrieval methods
2. Then formulate your specific search query based on what information you need
tags
the capital of France
the capital of France
the capital of France

The search results (relevant documents) will be returned between and
can search as many times as you want. If you find no further external knowledge needed, you can directly provide the

tags. You

answer inside and , without detailed illustrations. For example, Paris
Question: {question}
o J
EM F1 Retrieval Turns
60 PopQA NQ HotpotQA 2Wiki 3.0 MusiQue
s 27 2.8 65 27 65 40 E
S 2.6 2.8 32
< 25 50 60 25 35 =
= 50 24 60 =
= 23 55 23 2.6 302
E 45 2.1 40 22 5 30 £
55 &
1.9 2.0 2.1 24 2.8
40 : 45
1 3 5 1 3 5 1 3 5 1 3 5 1 3 5
Top-k Top-k Top-k Top-k Top-k

Figure 5: Performance of RouteRAG-3B with different numbers of retrieved documents.

Two-Stage Training. Stage 1 is trained for 20 steps
(0.5 epoch) with EM-based rewards only, ensuring
correctness. Stage 2 continues for an additional 20
steps (0.5 epoch) with the accuracy—efficiency re-
ward introduced in Section 3.2. In both stages, we
sample five responses per prompt during training to
compute group-relative advantages. Checkpoints
are saved every 10 steps, and the final checkpoint
is used for evaluation.

C Findings on Learned Routing Behavior

We summarize key findings on the learned routing
behavior to better understand how the model selects
retrieval modes.

(1) Suppression of weak retrieval modes. Dur-

ing training, the policy naturally down-weights re-
trieval modes that provide limited marginal benefit.
In our setup, standalone passage retrieval is often
less informative than graph or hybrid exploration,
and the learned policy concentrates decisions on
graph-based and hybrid actions. This supports the
motivation for learning routing decisions rather
than relying on fixed pipelines.

(2) Adaptation to task structure. The learned
routing strategy varies with dataset characteristics.
On multi-hop datasets, the policy performs more
retrieval rounds and relies more heavily on hybrid
exploration, whereas on simpler factoid datasets,
it terminates earlier and uses fewer retrieval steps.
This indicates that the model learns to adjust explo-
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ration depth to query complexity.

(3) More refined strategies with larger back-
bones. We observe that smaller models primarily
optimize the number of retrieval steps, while the
larger model learns a more nuanced strategy that
jointly optimizes both the number of steps and the
choice of retrieval modes, preferring lower-cost
modes for simpler queries.

D Additional Experiments

D.1 Analysis on Number of Retrieved
Documents

In this experiment, we analyze the performance of
RouteRAG-3B with varying numbers of retrieved
documents. As shown in Figure 5, the increasing
k generally improves both EM and F1 across all
datasets, though the gains diminish beyond k& = 3.
Interestingly, retrieval turns consistently decrease
as k grows, indicating that providing the model
with richer evidence reduces the need for iterative
retrieval. These results demonstrate that a moderate
retrieval breadth yields a balance between accuracy
and retrieval efficiency.

D.2 Case Study

To further illustrate how our training framework im-
proves model behavior, we present several qualita-
tive case studies comparing the outputs of the base
model before training and our proposed RouteRAG
after training, as shown in Tables 8-9. These
cases reveal several representative issues of the
base model and how our training addresses them.

(1) Over-reliance on internal knowledge with-
out validation. The base model tended to rely on
its parametric knowledge and give confident but un-
supported answers, skipping the step of verifying
correctness against external evidence (Case 1). Our
model, by contrast, learns to cross-check candidate
answers with retrieved documents before finaliz-
ing its response, which reduces hallucinations and
increases factual accuracy.

(2) Failure to understand or decompose com-
plex questions. The base model frequently strug-
gled with multi-hop or compositional questions,
failing to recognize their underlying structure or
to plan effective retrieval steps (Case 2). Through
training, our model acquires the ability to analyze
the question, break it down into subproblems, and
issue precise retrieval queries for each part, which
leads to more accurate and complete answers.

Overall, after training, RouteRAG shows clear

improvements in its ability to understand complex
questions, decompose them into manageable sub-
problems, and construct concise yet targeted re-
trieval queries that lead to well-grounded and cor-
rect answers.
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Table 8: Case study 1. Before training, the model hallucinates incorrect internal knowledge, thus wrongly claiming
that Johnny Pemberton played Bo Thompson in “That *70s Show” and that it was created by Steven Molaro. After
training, it avoids hallucinations, correctly decomposes the question into sub-steps, and retrieves the right evidence
to identify the creator as Justin Spitzer.

Question: Who created the NBC sitcom that Johnny Pemberton appears in as the character Bo Thompson?

Ground Truth: Justin Spitzer

Before Training (Qwen2.5-3B-Instruct)
<think> To answer this question, I need to identify the NBC sitcom that Johnny Pemberton appeared in as the character Bo
Thompson. Let’s start with the reasoning: 1. Johnny Pemberton is known for his role as Bo Thompson in the NBC sitcom
“That *70s Show.” 2. “That *70s Show” aired from 1998 to 2006. 3. The show was created by Steven Molaro, who wrote the
pilot and served as showrunner. Now, I will search for more detailed information about the creator of “That 70s Show” to
confirm the answer. </think>
Steven Molaro That *70s Show creator

Doc 1(Title: Bigfoot (TV series)) Bigfoot is an American animated series television pilot created by Seth
Rogen, Matt McKenna, and Evan Goldberg...
<think> Based on the search results, the information about Steven Molaro and “That *70s Show” is not found in the
documents. However, the documents do not contain any information about Johnny Pemberton or the show “That *70s Show.”
Since the documents do not provide the necessary information, I will use graph-based retrieval to find the creator of “That
>70s Show.” </think>

That *70s Show creator

Doc 1(Title: Parent show) Refers to a TV series that has spawned a spin-off...
<think> The search results do not provide the creator of “That *70s Show.” Given the lack of relevant information, I will
conclude based on the initial reasoning: </think>

Steven Molaro

After Training (RouteRAG-3B)
<think> To answer this question, I need to first identify the NBC sitcom Johnny Pemberton appears in as the character Bo
Thompson. Then, I’ll find out who created that show. Let’s start with the sitcom. </think>
Johnny Pemberton Bo Thompson
Doc 1(Title: Johnny Pemberton) Johnny Pemberton (born in 1981) is an American actor and comedian from
Rochester, Minnesota. He is best known for his role as the titular “Son of Zorn” in the short-lived Fox sitcom, and has also
appeared as the recurring character Bo Thompson in the NBC sitcom “Superstore”...
<think> From Doc 1, it’s clear that Johnny Pemberton appeared as Bo Thompson in “Superstore”. Now, I need to find out
who created “Superstore”. </think>
Superstore creator
Doc 1(Title: Superstore (TV series)) Superstore is an American single-camera sitcom television series that
premiered on NBC on November 30, 2015. The series was created by Justin Spitzer...

<think> From Doc 1, it’s evident that “Superstore” was created by Justin Spitzer. Therefore, the answer to the question is:
</think>
Justin Spitzer
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Table 9: Case study 2. Before training, the model failed to answer the question due to a lack of reasoning and
question decomposition. After training, the model correctly decomposed the question into two steps, i.e., identifying
the performer of “Hello Tomorrow” as Dave Koz, and then finding out who was featured on Smooth Jazz Stations
along with Kenny G and Dave Koz.

Question: Along with Kenny G and the performer of Hello Tomorrow, what artist was featured on Smooth Jazz Stations?

Ground Truth: George Benson

Before Training (Qwen2.5-7B-Instruct)
<think> I need to find out which artist was featured on Smooth Jazz Stations along with Kenny G and the performer of Hello
Tomorrow. I don’t have this information directly, so I will need to search for it. </think>

artists featured on Smooth Jazz Stations with Kenny G and Hello Tomorrow performer

Doc 1(Title: Adult contemporary music) In its early years of existence, the smooth jazz format...artists like
George Benson, Kenny G and Dave Koz...
Doc 2(Title: Hello Tomorrow (album)) Hello Tomorrow is the ninth studio album by saxophone player Dave Koz...

Dave Koz

After Training (RouteRAG-7B)
<think> To answer this question, I need to identify three artists: Kenny G, the performer of “Hello Tomorrow”, and the artist
featured on Smooth Jazz Stations. I will start by identifying the performer of “Hello Tomorrow”. </think>
performer of Hello Tomorrow
Doc 1(Title: Hello Tomorrow (album)) Hello Tomorrow is the ninth studio album by saxophone player Dave

<think> From the information provided, Dave Koz performed “Hello Tomorrow”. Now I need to find out who was featured
on Smooth Jazz Stations along with Kenny G and Dave Koz. </think>
artist featured on Smooth Jazz Stations along with Kenny G and Dave Koz

Doc 1(Title: Adult contemporary music) In its early years of existence, the smooth jazz format...artists like
George Benson, Kenny G and Dave Koz...
<think> From the information, it seems that the artist featured on Smooth Jazz Stations along with Kenny G and Dave Koz is
George Benson. </think>

George Benson
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