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Abstract

Multi-hop reasoning remains a fundamental
challenge for Retrieval-Augmented Generation
(RAG) systems. Recent approaches-from adap-
tive retrieval to agentic pipelines-struggle to
maintain coherent intermediate reasoning states
as chains grow longer. We introduce State-
Aware RAG1, a framework that addresses this
limitation through an explicit working memory
that serves as a dynamic cognitive workspace
for reasoning. Our modular architecture fea-
tures a lightweight, trainable extractor that
learns to actively filter, consolidate, and up-
date this working memory via a novel Path-
Outcome Dual Reward paradigm, which bal-
ances local coherence with global strategy. The
retriever and generator remain frozen, enabling
plug-and-play flexibility. Experiments on eight
QA benchmarks demonstrate state-of-the-art
results, on average achieving +8.6% over the
best memory-augmented baseline and +9.3%
over the best RL-enhanced baseline. Our ar-
chitecture generalizes seamlessly to stronger
generators and retrievers without retraining, es-
tablishing dynamic memory management as
a critical yet underexplored dimension for ad-
vancing RAG systems.

1 Introduction

While large language models (LLMs) have revolu-
tionized natural language processing, limitations of
their fixed parametric knowledge can lead to criti-
cal failures on tasks requiring external information.
Retrieval-Augmented Generation (RAG) (Lewis
et al., 2021) addresses this by grounding outputs in
retrieved documents. While effective for simpler
tasks, standard RAG struggles with complex multi-
hop reasoning that requires synthesizing evidence
across multiple retrieval steps (Liu et al., 2024;
Hong et al., 2025). The core issue is that retrieved
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information is treated statically-simply appended
to context-causing irrelevant, redundant, or con-
flicting information to accumulate and compound
across reasoning steps.

Recent advances focus almost exclusively on in-
formation acquisition-improving what enters the
system, through query reformulation (Asai et al.,
2023; Mao et al., 2024), iterative retrieval (Trivedi
et al., 2023; Jiang et al., 2023b), query decom-
position (Hu et al., 2025b; Jiang et al., 2025a),
and component fine-tuning (Jin et al., 2025; Song
et al., 2025). Yet these approaches neglect informa-
tion management-how retrieved content should
be actively curated, consolidated, and maintained
throughout multi-step reasoning. Static rerank-
ing (Glass et al., 2022) or one-time context com-
pression (Xu et al., 2023; Jiang et al., 2023a) are
not resilient to context noise and bloat where each
retrieval step may introduce irrelevant or contra-
dictory information (Hong et al., 2025; Wu et al.,
2025; Pan et al., 2025).

Memory-augmented architectures offer partial
remedies. General-purpose memory systems (Yang
et al., 2024; Chhikara et al., 2025; Li et al.,
2025c) employ coarse-grained summarization for
dialogue continuity, lacking the fine-grained fil-
tering required for multi-hop inference. RAG-
specific systems face fundamental constraints: Hip-
poRAG (Gutierrez et al., 2024; Gutiérrez et al.,
2025) constructs static knowledge graphs that can-
not adapt to evolving trajectories, while Mem-
oRAG (Qian et al., 2025) applies global compres-
sion that sacrifices turn-level coherence. None
provide per-step memory curation that actively fil-
ters and consolidates information as reasoning pro-
gresses—instead relying on static structures, one-
time compression, or coarse summarization that
cannot adapt to intermediate reasoning states.

We introduce State-Aware RAG, a framework
that addresses this gap through an explicit working
memory that serves as a global, dynamic cogni-



Sub-question: 
Who is the director of
film Move (1970)?

Raw Documents

Extractor

Raw Documents

Important
InformationSub-question: 

Who is the director of
film Move (1970)?

Working Memory

Important
Information

Generator
/

Sub-question: 
Who is the director of

film Move (1970) Response/ Sub- answer: 
Move is a 1970 comedy
film directed by Stuart
Rosenberg who is from
USA.

Sub question-response
pair

Working Memory

User question: Are director
of film Move (1970 Film)
and director of film
Méditerranée (1963 Film)
from the same country?

Important
Information

Updated Memory

Generate next-step
question prompt

User question: Are director
of film Move (1970 Film)
and director of film
Méditerranée (1963 Film)
from the same country?

Generator
/

Working Memory

Sub-question: 
Who is the director of
film Move (1970)?

Question Generation

External Knowledge Retrieval

Filtering and Consolidation

Response Generation

Working Memory Update

Extractor

User question: Are director of film Move (1970 Film) and
director of film Méditerranée (1963 Film) from the same

country?

A3 A2

A5A1

A1

Expansion Action

Important Infor Rephase-Q: Do the directors of Move (1970)
and Méditerranée (1963) come from the same

country?

Shared Global
Memory

Shared Global
Memory

Answer: Méditerranée is
a French experimental

film, in contrast to Move
(1970), which was

produced in the United
States.

Shared Global
Memory

....

Shared Global
Memory

Reasoning: Méditerranée is directed by
Jean‑Daniel Pollet, a French filmmaker. Next,

find out who directed Move (1970).

Sub-Q: Who is the director
of film Move (1970)?

Sub-A: Move is a 1970
comedy film directed by
Stuart Rosenberg who is

from USA.

Shared Global
Memory

....

Expansion

Selection

Backpropagation

Memory Updating

Important Infor

Sub-Q: Who is the director of
film Méditerranée (1963)?

Sub-A: Méditerranée is a
French experimental film

directed by Jean-Daniel Pollet

Important Infor

Figure 1: State-Aware RAG Framework. Left: overall inference process with dynamic, globally-shared working
memory in MCTS. Right: node expansion, where each type of expansion actions (A1-5) executes one or more
primitive operations: sub-question generation, document retrieval, content filtering, response generation, and
memory update.

tive workspace. Drawing on cognitive models of
human reasoning (Baddeley and Hitch, 1974), we
design memory that: (1) persists across retrieval-
generation cycles, (2) is continuously updated after
each step, and (3) is actively managed by a special-
ized, lightweight component. This component (the
extractor) learns effective information management
strategies via Path-Outcome Dual Reward-a rein-
forcement learning paradigm that balances local co-
herence with global reasoning success. Our frame-
work supports two inference modes: Socratic plan-
ning for efficient iterative reasoning, and Monte
Carlo Tree Search (MCTS) for complex tasks re-
quiring systematic exploration.

We evaluate State-Aware RAG on eight QA
benchmarks against strong baselines spanning
information-acquisition and memory-augmented
approaches. Our method achieves state-of-the-art
results: 58.0% average accuracy on multi-hop QA
(+8.6% over HippoRAG 2) and 72.7% on single-
hop QA (+9.3% over S3). Our key contributions:

1. Working Memory Paradigm: A dynamic work-
ing memory system that persists and evolves
across reasoning steps, transforming RAG
from stateless retrieval into goal-directed
knowledge traversal.

2. Path-Outcome Dual Reward: A reinforcement
learning framework that jointly optimizes for
local coherence and global reasoning success,
enabling effective memory curation.

3. Plug-and-Play Architecture: A modular de-
sign that keeps retriever and generator frozen,

enabling seamless generalization to stronger
components without retraining.

2 Related Work

Multi-Hop Retrieval-Augmented Generation.
Multi-hop reasoning requires synthesizing infor-
mation across multiple documents and retrieval
steps (Khattab et al., 2023). Early approaches such
as IR-CoT (Trivedi et al., 2023) interleave retrieval
with chain-of-thought reasoning iteratively. Re-
cent advances employ more sophisticated strate-
gies: FLARE (Jiang et al., 2023b) triggers retrieval
based on generation uncertainty; RaFe (Mao et al.,
2024) decomposes queries for enhanced retrieval;
Self-RAG (Asai et al., 2023) learns critique to-
kens for retrieval decisions; MCTS-RAG (Hu et al.,
2025b) and RAG-Star (Jiang et al., 2025a) apply
tree search over reasoning paths. These systems op-
timize what to retrieve rather than how to manage
retrieved content, leading to context degradation as
chains extend (Liu et al., 2024; Hong et al., 2025).
The retrieval backbone underpinning these systems
has itself advanced through LLM-based embedding
models that better align pre-training objectives with
dense passage retrieval (Wang et al., 2024b; Muen-
nighoff et al., 2025; BehnamGhader et al., 2024;
Man et al., 2024, 2025).

Memory-Augmented RAG. Memory mecha-
nisms have been explored to address context limi-
tations. General-purpose systems (Hu et al., 2025a;
Anonymous, 2025; Zhang et al., 2025a) focus
on dialogue continuity through coarse summa-



rization. RAG-specific approaches include Hip-
poRAG (Gutierrez et al., 2024; Gutiérrez et al.,
2025), which constructs static knowledge graphs,
and MemoRAG (Qian et al., 2025), which ap-
plies one-time global compression. While effective
for long-context retrieval, these systems struggle
to adapt dynamically to evolving reasoning tra-
jectories. Memory-R1 (Yan et al., 2025) trains
agents for discrete memory operations (ADD, UP-
DATE, DELETE, NOOP) via outcome-driven RL,
demonstrating that learned memory management
outperforms heuristic pipelines. However, it targets
episodic memory continuity across dialogue ses-
sions rather than within-trajectory information cura-
tion during multi-hop reasoning-its discrete opera-
tions cannot perform fine-grained contradiction res-
olution or relevance-weighted consolidation from
heterogeneous retrieved documents, and its work-
ing memory is not shared across concurrent reason-
ing branches. State-Aware RAG addresses these
limitations through a unified extractor that main-
tains persistent, globally-shared working memory
with continuous filtering and consolidation across
reasoning steps.

Reinforcement Learning (RL) for RAG. RL
has emerged as a key tool for optimizing RAG
components beyond supervised fine-tuning. To ad-
dress the temporal credit assignment problem in
multi-step reasoning, recent works propose process-
supervised rewards (Zhang et al., 2025b), turn-level
advantage estimation (Wang et al., 2024a), and
multi-agent coordination frameworks (Chen et al.,
2025; Liu et al., 2025). Search-R1 (Jin et al., 2025)
and S3 (Jiang et al., 2025b) train generators or
query rewriters for autonomous search interaction.
R3-RAG (Li et al., 2025b) adopts a two-stage cold-
start + RL approach that jointly trains the LLM
to reason and retrieve step by step, using a pro-
cess reward based on retrieved document relevance.
While this relevance-based process signal improves
retrieval quality, it targets the acquisition side of
the pipeline: the LLM is trained end-to-end with-
out separation between retrieval and generation
concerns, and accumulated context remains unman-
aged across steps. C-3PO (Chen et al., 2025) trains
a lightweight, modular policy model for agent rout-
ing and document filtering, but filters only newly
retrieved documents rather than maintaining per-
sistent memory across reasoning steps. Our Path-
Outcome Dual Reward applies RL specifically to
memory management-the path reward evaluates
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Figure 2: Path-Outcome Dual Reward Training. A
single reasoning trajectory is unrolled to illustrate the
actively trained Extractor operating alongside the frozen
Retriever and Generator modules. At each intermediate
step, the system receives a local path reward, which is
combined with a global outcome reward evaluated at the
terminal state. These dual signals are aggregated into a
final cumulative weighted reward objective to optimize
the dynamic memory extraction policy.

the coherence and sufficiency of curated working
memory at each step, not retrieval relevance per
se-explicitly balancing local curation quality with
global reasoning success while keeping the genera-
tor and retriever frozen.

3 Methodology

We formulate question answering as a sequen-
tial decision-making problem. Given a ques-
tion x and an external knowledge corpus K,
the goal is to generate a correct final answer
y by constructing a reasoning trajectory T =
{S0, a0, S1, a1, . . . , an−1, Sn}, where each state
Si encapsulates the reasoning progress and action
ai transforms Si into Si+1. The process begins
with initial state S0 = x and continues until termi-
nal state Sn that contains the final answer y. The
objective is to learn a policy π that maximizes the
likelihood of producing the correct answer y∗.

3.1 State-Aware RAG Framework

State-Aware RAG reconceptualizes retrieval-
augmented generation around global working mem-
ory management. Unlike existing RAG approaches
that are susceptible to context noise accumulation
and reasoning drift, our approach maintains a per-



sistent, actively-curated memory state that evolves
across reasoning trajectories.

State Representation. Each reasoning state
Si = (qi, ri,Mi) comprises the current sub-
question qi, the intermediate response ri, and
global working memory Mi. Initially, S0 =
(x,∅,∅). The memory Mi represents the updated
memory after completing reasoning step i. Mi is
not a passive document accumulation but rather a
curated knowledge state containing only reasoning-
relevant information. This enables the system to
build upon prior discoveries, maintain coherence
by resolving contradictions, and focus resources on
knowledge gaps.

Modular Architecture. We factorize the policy
π into three cooperative agents: Retriever R selects
candidate documents from corpus K based on the
current query; Generator G produces intermediate
responses ri and sub-questions qi+1 conditioned on
the current state Si; Extractor E serves as the cen-
tral control module that filters, consolidates, and
curates information to maintain working memory.
Only the extractor is trained while retriever and
generator remain frozen, preserving pre-trained ca-
pabilities and enabling targeted optimization.

Action Space and Reasoning Cycle. Actions
ai represent composite information management
operations that transform state Si to Si+1. Unlike
rigid retrieval-then-generate pipelines, our action
space enables flexible, memory-aware strategies.
Each action implements one or more primitives-
question generation, retrieval, information curation,
response generation, memory management-based
on the current state. These system dynamics en-
able consolidation when Mi−1 already contains
sufficient evidence needed to answer qi, or infor-
mation gathering when Mi−1 lacks the necessary
information. Figure 1 illustrates a typical reasoning
cycle. Because memory updates are conditioned on
previous reasoning states, the system learns adap-
tive search dynamics-adjusting behavior based on
accumulated knowledge rather than following pre-
determined paths.

Memory Management via Extractor. The
extractor orchestrates adaptive working memory
through two complementary phases. (1) Consoli-
dation: given sub-question qi, retrieved documents
Di, and current memory Mi−1, the extractor ex-
tracts relevant information:

Ii = Econsolidate(qi, Di,Mi−1) (1)

where Ii represents distilled knowledge optimized

for immediate reasoning needs. This performs rel-
evance filtering (identifying facts supporting qi),
contradiction resolution (reconciling conflicts be-
tween Di and Mi−1), and redundancy elimination
(de-duplication). (2) Memory Update: after re-
sponse generation ri = G(qi, Ii), the extractor up-
dates memory:

Mi = Eupdate(x,Mi−1, Ii, (qi, ri)) (2)

This integrates the new question-response pair
(qi, ri) and distilled knowledge Ii with Mi−1. The
extractor learns this memory update through our
dual-reward training signal (Section 3.2).

3.2 Training via Path-Outcome Dual Rewards

Training focuses exclusively on the extractor while
freezing retriever and generator components, which
preserves their pre-trained capabilities and reduces
computational overhead. The key challenge lies in
the temporal credit assignment problem inherent
to multi-step reasoning (Chen et al., 2025; Zhang
et al., 2025b): relying only on a final outcome re-
ward yields sparse feedback that makes learning in-
efficient, while using only local step-wise rewards
risks encouraging policies that are locally coherent
but globally suboptimal. We address this through
a Path-Outcome Dual Reward paradigm that pro-
vides complementary signals at different temporal
scales.

Dual Reward Formulation. Both rewards are
computed using an LLM-as-a-Judge. The path
reward evaluates local reasoning quality at each
step:

Rp(ri, qi) = JUDGEPATH(ri, qi) (3)

This assesses whether the extracted information Ii
enables the generator to produce a response ri that
logically addresses qi. The judge evaluates multiple
dimensions including relevance of extracted infor-
mation, sufficiency for answering the sub-question,
logical coherence of the reasoning, and factual ac-
curacy relative to the extracted content. The out-
come reward evaluates global strategy:

Ro(y, x, y
∗) = JUDGEOUTCOME(y, x, y∗) (4)

This evaluates whether the final answer y correctly
addresses the original question x relative to ground
truth y∗, capturing long-term dependencies that
local rewards miss.



Training Objective. The extractor maximizes
expected cumulative reward over reasoning trajec-
tories:

1

n− 1

n−1∑
i=1

Rp(qi, ri) + λRo(y, x, y
∗) (5)

where λ balances local coherence with global strat-
egy. By jointly optimizing both objectives, the
extractor learns to select information that is both
immediately useful and strategically beneficial for
the final answer.

3.3 Inference

Our framework supports two inference modes that
provide different trade-offs between computational
efficiency and reasoning thoroughness, both lever-
aging the trained state-aware memory system. Ap-
pendix C provides prompts and implementation
details.

Monte Carlo Tree Search (MCTS) Explo-
ration. For complex reasoning requiring exhaus-
tive exploration (Figure 1), we adapt MCTS to op-
erate over our state-aware framework (Jiang et al.,
2025a; Hu et al., 2025b; Qi et al., 2024). Each
tree node represents a reasoning state Si. Edges
correspond to five action types:

A1. Decompose & Answer: Incrementally de-
compose the problem by generating sub-question
qi; retrieve relevant documents and consolidate use-
ful information Ii; generate an answer ri; and fi-
nally update the memory Mi.

A2. Consolidate: Synthesize an intermediate
conclusion by reasoning over the current memory
Mi−1 without additional retrieval.

A3. Refine: Verify and improve the current re-
sponse ri by re-evaluating it against the memory
Mi−1. This enables self-correction when an answer
appears incomplete, incorrect, or unsupported.

A4. Redirect: Reformulate the current question
qi to approach it differently. This enables resilience
when retrieval fails or appears unproductive.

A5. Conclude: Produce the final answer y when
current state Si contains sufficient evidence.

The MCTS algorithm proceeds through repeated
rollouts, traversing the tree using Upper Confidence
Bound for Trees (UCT) (Kocsis and Szepesvári,
2006) and computing rewards Ro(y, x, y

∗) us-
ing the generator. Unlike prior MCTS-RAG ap-
proaches that treat branches independently, our
method maintains globally coherent memory across
the search tree so information discovered in one

branch updates Mi and becomes available to other
branches. Detailed prompts for each action are
provided in Appendix C.3.

Socratic Planning. Socratic mode is a com-
putationally efficient variant that restricts the ac-
tion space to A1 (Decompose & Answer) and A5
(Conclude), producing a single reasoning chain
rather than a tree. Building on iterative retrieval
approaches like IR-CoT (Trivedi et al., 2023), the
system iteratively decomposes the question into
sub-questions one at a time, answering each with
memory-augmented retrieval, until the generator
determines the main question is answerable. Un-
like methods that passively accumulate retrieved
context, our approach applies the trained extractor
to filter and consolidate information at each step,
preventing context contamination that degrades per-
formance in longer chains.

4 Experiment Setup

4.1 Training Setup

To adapt the extractor for memory management
tasks, we require data that captures complete
reasoning trajectories rather than static question-
answer pairs. We adopt the diversity-aware query
sampling strategy from SimpleDeepSearcher (Sun
et al., 2025) to select 871 seed questions from
HotpotQA (Yang et al., 2018) and 2WikiMulti-
hopQA (Ho et al., 2020). This selection optimizes
for domain heterogeneity, keyword diversity, and
reasoning complexity (2–5 hops). We synthesize
complete reasoning trajectories using State-Aware
RAG with MCTS and DeepSeek-R1 as the oracle
extractor. Our oracle assumption is that a suffi-
ciently powerful model can perform near-optimal
information consolidation and memory manage-
ment with appropriate prompting, thereby provid-
ing supervision for training smaller, deployable
extractors. After filtering trajectories that fail to
reach correct answers, we obtain approximately
10K reasoning paths (5–10 steps each), totaling
approximately 70K state-action pairs.

We use Qwen3-8B (Yang et al., 2025) as the gen-
erator, Qwen3-Embedding-4B (Zhang et al., 2025c)
as the retriever over the 2023 Wikipedia dump, and
Qwen3-4B (Yang et al., 2025) as the extractor. Fol-
lowing established RL practices, we train the ex-
tractor in two stages: supervised fine-tuning (SFT)
on synthesized trajectories for adaptation, followed
by reinforcement learning with GRPO (Shao et al.,
2024) using Path-Outcome Dual Reward. Detailed



Multi-Hop QA Single-Hop QA

Method 2WikiMQA HotpotQA MuSiQue Bamboogle SimpleQA NQ TriviaQA PopQA

sEM Acc sEM Acc sEM Acc sEM Acc sEM Acc sEM Acc sEM Acc sEM Acc

Direct Generation

Qwen3-8B (Yang et al., 2025) 23.6 21.7 28.1 30.5 10.6 6.2 15.2 17.6 18.9 19.2 37.3 39.3 40.8 42.6 19.9 21.9
CoT (Wei et al., 2023) 27.9 24.9 31.1 33.8 10.6 6.4 15.2 18.2 20.4 23.5 37.7 38.2 40.6 40.9 22.2 22.3

Standard RAG

RAG (Lewis et al., 2021) 36.9 30.2 46.6 47.5 13.0 14.6 31.1 31.2 33.1 36.7 42.1 42.4 58.5 58.6 39.2 41.3
RAG + Rerank (Glass et al., 2022) 37.8 35.3 47.9 48.4 13.5 13.7 32.1 32.7 34.5 34.7 42.7 43.8 60.2 60.8 40.8 43.7

Iterative Retrieval

IR-CoT (Trivedi et al., 2023) 47.6 48.3 50.9 51.8 16.4 17.8 32.2 33.8 35.9 37.0 43.2 44.7 65.6 67.2 54.5 56.8
FLARE (Jiang et al., 2023b) 48.2 47.9 49.1 52.8 16.8 18.1 31.7 33.0 34.8 36.9 44.6 46.2 65.7 68.0 54.4 54.9
Search-o1 (Li et al., 2025a) 30.6 32.8 37.5 40.8 19.2 21.3 37.6 38.4 41.6 44.0 54.2 57.4 55.6 61.1 48.6 50.5

Query Reformulation

Self-RAG∗ (Asai et al., 2023) 43.8 45.6 45.7 47.0 14.3 15.1 27.6 30.1 36.3 49.1 45.9 47.3 66.4 68.5 54.9 55.7
RaFe∗ (Mao et al., 2024) 44.0 48.3 45.0 48.9 17.5 17.2 28.3 34.0 37.2 49.3 45.8 47.8 65.0 68.1 54.9 55.3

Planning-Enhanced RAG

MCTS-RAG (Hu et al., 2025b) 43.2 47.9 47.1 51.7 24.9 27.5 34.5 35.8 40.0 44.2 57.4 59.6 70.9 72.7 48.1 50.4
RAG-Star (Jiang et al., 2025a) 45.9 48.8 49.0 53.4 27.0 30.2 32.5 35.3 40.7 44.9 58.8 60.3 72.2 74.9 50.3 50.9

RL-Enhanced RAG

Search-R1∗ (Jin et al., 2025) 51.6 53.3 58.6 60.2 27.6 23.6 55.6 57.6 44.6 47.8 61.3 62.1 73.7 73.9 51.9 53.8
S3∗ (Jiang et al., 2025b) 51.6 54.1 59.0 60.1 23.9 25.8 58.1 60.1 46.2 48.3 66.1 68.0 78.5 79.9 57.4 57.4

Memory-Augmented RAG

MemoRAG (Qian et al., 2025) 51.3 53.1 52.8 56.7 20.0 24.7 31.7 35.8 43.7 46.1 48.7 54.4 70.9 72.0 60.7 62.8
HippoRAG (Gutierrez et al., 2024) 58.1 60.5 55.4 56.9 22.8 27.2 36.8 38.1 43.8 54.7 50.3 54.1 71.1 72.0 48.8 49.7
HippoRAG 2 (Gutiérrez et al., 2025) 60.2 62.1 58.4 60.3 24.7 38.5 41.0 49.3 44.8 55.4 51.8 59.3 72.9 72.1 48.9 50.0

State-Aware RAG-Soc (ours) 59.9 62.6 58.6 60.5 29.8 42.2 60.8 62.8 50.3 62.9 66.5 74.6 83.8 84.8 74.5 68.5
State-Aware RAG-MCTS (ours) 62.5 63.5 59.9 62.9 30.9 45.5 62.2 65.7 50.3 62.9 67.1 75.8 82.6 82.9 74.0 68.3

Table 1: Main results on single-hop and multi-hop QA benchmarks. ∗ indicates methods that fine-tune retriever
or generator components; sEM denotes sub-string exact match; and Acc is accuracy using an Claude 3.7 Sonnet as
the judge. Bold indicates best; underline indicates second-best. State-Aware RAG achieves consistent improvements
across all benchmarks while training only the lightweight extractor.

hyperparameters are provided in Appendix B.

4.2 Evaluation

Benchmarks. Following prior work (Hu et al.,
2025b; Jiang et al., 2025a), we evaluate on eight
QA benchmarks. For multi-hop reasoning: 2Wiki-
MultihopQA (Ho et al., 2020), HotpotQA (Yang
et al., 2018), MuSiQue (Trivedi et al., 2022), and
Bamboogle (Press et al., 2023). For single-hop
QA: SimpleQA (Wei et al., 2024), Natural Ques-
tions (Kwiatkowski et al., 2019), TriviaQA (Joshi
et al., 2017), and PopQA (Mallen et al., 2023). To
balance computational cost with statistical accu-
racy, we randomly sample 1,000 examples from
each dataset; for Bamboogle, we use all 125 devel-
opment examples.

Metrics. We employ two complementary met-
rics: Sub-EM (Substring Exact Match) measures
whether the ground truth appears as a substring
in the response, providing strict lexical matching.
Acc. (Accuracy) evaluates semantic equivalence
using Claude 3.7 Sonnet2 as an LLM-as-a-Judge,
which better handles paraphrasing and formatting

2Claude 3.7 Sonnet

differences.

4.3 Baselines

We compare against representative baselines span-
ning seven categories: (1) Direct Generation es-
tablishes the parametric knowledge baseline. (2)
Standard RAG: RAG (Lewis et al., 2021) and
RAG+Rerank (Glass et al., 2022). (3) Itera-
tive Retrieval: IR-CoT (Trivedi et al., 2023),
FLARE (Jiang et al., 2023b), and Search-O1 (Li
et al., 2025a). (4) Query Reformulation: Self-
RAG (Asai et al., 2023) and RaFe (Mao et al.,
2024). (5) Planning-Enhanced RAG: MCTS-
RAG (Hu et al., 2025b) and RAG-Star (Jiang et al.,
2025a). (6) RL-Enhanced RAG: Search-R1 (Jin
et al., 2025) and S3 (Jiang et al., 2025b). (7)
Memory-Augmented RAG: MemoRAG (Qian et al.,
2025), HippoRAG (Gutierrez et al., 2024), and Hip-
poRAG 2 (Gutiérrez et al., 2025). For fair compari-
son, we select baselines with comparable generator
sizes in the 7–14B parameter range.

https://www.anthropic.com/news/claude-3-7-sonnet


5 Results and Discussion

Table 1 presents comprehensive results across
eight QA benchmarks. State-Aware RAG achieves
substantial improvements over all baseline cate-
gories. On multi-hop tasks, our MCTS variant
achieves 58.0% average accuracy, outperforming
the best memory-augmented baseline HippoRAG
2 by +8.6% and the best RL-enhanced baseline
S3 by +9.3%. On single-hop tasks, Socratic plan-
ning achieves 72.7% average accuracy (+9.3% over
S3). The consistent gains across both simple and
complex reasoning tasks demonstrate that dynamic
working memory management provides a funda-
mental advantage over passive document accumu-
lation.

For single-hop tasks, Socratic and MCTS modes
achieve comparable performance, suggesting So-
cratic planning is sufficient when reasoning com-
plexity is low. For multi-hop tasks, MCTS pro-
vides additional gains (e.g., +3.3% on MuSiQue,
+2.9% on Bamboogle), justifying the additional
computational cost when exhaustive exploration is
beneficial. Notably, our extractor achieves strong
performance while training on only 871 seed ques-
tions, demonstrating that the Path-Outcome Dual
Reward framework enables effective learning from
limited high-quality data.

5.1 Ablation Studies

We conduct ablations on Bamboogle to analyze key
framework components.

Variant Sub-EM Acc

Socratic Planning

State-Aware RAG (Full) 60.8 62.8
w/o Extractor 33.2 34.7
w/o Consolidation 51.5 55.2
w/o Memory Update 55.1 58.9

MCTS Planning

State-Aware RAG (Full) 62.2 65.7
w/o Extractor 36.8 39.1
w/o Consolidation 53.0 56.3
w/o Memory Update 55.9 59.5

Table 2: Memory management ablation on Bam-
boogle. Each memory management component con-
tributes to overall performance, with the trained extrac-
tor having the most significant impact.

Memory Management Operations. Table 2
isolates contributions of key memory manage-
ment components. Removing the extractor entirely
causes performance collapse (−28.1% for Socratic,

−26.6% for MCTS); this variant degenerates to
IR-CoT and MCTS-RAG respectively, confirming
that passive document accumulation without active
curation creates severe context noise. Eliminating
memory updates degrades performance (−3.9% for
Socratic, −6.2% for MCTS), demonstrating that
persistent, global memory-our core contribution-
provides meaningful benefits for multi-step reason-
ing. The larger MCTS drop indicates that exhaus-
tive exploration particularly benefits from globally
coherent memory enabling cross-branch knowl-
edge transfer. Removing filtering and consolida-
tion yields substantial losses (−7.6% for Socratic,
−9.4% for MCTS), revealing that persistent mem-
ory alone is insufficient and that active curation
prevents low-quality information from polluting
memory states.

Training Strategy Sub-EM Acc

Socratic Planning

Prompt-Only 53.5 57.4
SFT-Only 58.1 60.5
RL w/ Outcome Reward 59.3 61.7
RL w/ Path Reward 60.2 61.3
RL Dual Reward (Full) 60.8 62.8
Claude 3.7 as Extractor 66.3 69.7

MCTS Planning

Prompt-Only 56.4 59.2
SFT-Only 60.2 63.4
RL w/ Outcome Reward 60.6 63.2
RL w/ Path Reward 60.9 64.0
RL Dual Reward (Full) 62.2 65.7
Claude 3.7 as Extractor 68.6 74.5

Table 3: Extractor training strategy ablation on Bam-
boogle. RL with dual rewards outperforms single-
reward variants, and has greater influence in MCTS
where further exploration and memory management op-
erations are necessitated.

Extractor Training Strategies. Table 3 vali-
dates the Path-Outcome Dual Reward paradigm.
Prompt-only extractors achieve moderate perfor-
mance, indicating that effective memory manage-
ment capabilities cannot be reliably elicited in
“smaller” models through prompting alone. Single-
reward RL variants demonstrate complementary
strengths: outcome-only rewards guide global strat-
egy but provide sparse local feedback, while path-
only rewards improve intermediate reasoning. In-
terestingly, the path-only improvement suggests
that LLM-as-a-Judge, though costly, provides flexi-
ble and effective dense reward signals beyond tra-
ditional outcome-based supervision. Our full dual-
reward training achieves optimal performance, con-



firming that balancing local coherence with global
strategy is essential for effective memory manage-
ment. The gap to Claude 3.7 (−6.9% for Socratic)
indicates further gains can be achieved through
scaling the extractor.

5.2 Component Analysis

To assess modularity and scalability of our frame-
work, we evaluate performance when substituting
different generators and retrievers while keeping
the trained extractor fixed (Figure 3).
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Figure 3: Component scaling on Bamboogle (Socratic
planning). Left: generator scaling. Right: retriev-
er/search scaling. The trained extractor generalizes
across component choices without retraining.

Generator Scaling. Upgrading from Qwen3-
8B to Qwen3-30B-A3B yields +7.4% accuracy,
while replacing with Claude 3.7 Sonnet achieves
+16.5%. These gains emerge without retraining
the extractor, confirming that effective information
management complements rather than constrains
overall reasoning capacity.

Retriever Variations. Scaling from E5-base
to Qwen3-Embedding-4B yields modest gains
(+1.4%). However, replacing the static Wikipedia
corpus with Google Search produces substantial im-
provements (+22.2%), highlighting that knowledge
source coverage and ranking is often a primary
bottleneck.

5.3 Inference Analysis

Figure 4 examines how key inference hyperparam-
eters affect performance on Bamboogle. For both
Socratic planning and MCTS, we vary the maxi-
mum reasoning steps from 3 to 15 and the number
of rollouts from 3 to 15, analyzing their individual
impacts while holding the other parameter constant.

Scaling Reasoning Steps. With rollouts fixed
at 10, both inference modes exhibit rapid gains
from 3 to 5 steps (+3.1% for Socratic, +2.7% for
MCTS), after which performance plateaus. This
saturation indicates that most Bamboogle questions
can be resolved within 5 reasoning hops, and our
framework efficiently recognizes when sufficient
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Figure 4: Effect of inference hyperparameters on
accuracy (%) on Bamboogle. Left: scaling maximum
reasoning steps with rollouts fixed at 10. Right: scaling
number of rollouts with reasoning steps fixed at 5.

evidence has been accumulated. MCTS consis-
tently outperforms Socratic across all step budgets
(+2.9% average), confirming that exhaustive ex-
ploration benefits reasoning regardless of depth
constraints.

Scaling Number of Rollouts. With the number
of reasoning steps fixed at 5, the two modes exhibit
markedly different scaling behaviors. Socratic per-
formance remains flat across rollouts (62.5% to
63.0%), which is expected since Socratic follows
a deterministic single-trajectory approach. In con-
trast, MCTS shows consistent gains with increased
rollouts (+3.3% from 3 to 15), demonstrating that
broader exploration of the reasoning tree discov-
ers higher-quality solution paths. The widening
gap between MCTS and Socratic at higher rollout
budgets (from +1.0% at 3 rollouts to +4.1% at 15
rollouts) underscores the value of systematic explo-
ration when computational resources permit.

Cost. On 2WikiMultihopQA, MCTS requires
6.8× more generator calls than Socratic mode
(85.9 vs 12.7) but yields only a 2.6-point improve-
ment in accuracy (62.5 vs 59.9). This limited gain
suggests that for many applications, Socratic mode
may offer a better cost-performance tradeoff.

6 Conclusion

Complex multi-hop reasoning tasks expose a funda-
mental limitation in existing RAG systems: passive
information accumulation without consolidation
can lead to noisy context, redundant retrieval, and
error propagation across reasoning steps. State-
Aware RAG addresses this through an explicit
working memory-a persistent representation that
is continuously updated by a trainable extractor.
The extractor is trained via Path-Outcome Dual
Reward reinforcement learning that successfully
balances local coherence with global reasoning suc-
cess. Experiments on eight QA benchmarks demon-
strate state-of-the-art results, with improvements
of +8.6% over the best memory-augmented base-



line and +9.3% over the best RL-enhanced base-
line. Our modular architecture exhibits plug-and-
play flexibility, generalizing seamlessly to stronger
generators and retrievers without retraining. Fu-
ture work includes extending to other reasoning-
intensive tasks, adapting inference strategies to task
complexity, and exploring extractor scaling laws to
understand the minimum model capacity required
for effective and feasible memory management de-
ployment.

Limitations

While State-Aware RAG demonstrates significant
improvements, several limitations warrant acknowl-
edgment. First, the reliance on LLM-as-a-Judge
for computing path and outcome rewards during
reinforcement learning introduces substantial infer-
ence costs, as each candidate trajectory requires
multiple LLM calls for reward estimation. While
this provides reliable reward signals, it limits train-
ing scalability. Future work could explore distill-
ing reward models into smaller critics or develop-
ing more efficient reward estimation techniques.
Second, our component analysis demonstrates that
retrieval quality fundamentally bounds reasoning
performance: replacing the static Wikipedia corpus
with Google Search yields +22.2% gains, high-
lighting that even optimal memory management
cannot compensate for information that was never
retrieved. Integrating State-Aware RAG with dy-
namic web-scale knowledge sources remains an
important direction. Third, generalization to other
domains (e.g., scientific literature, enterprise docu-
ments) and other reasoning-intensive tasks remains
untested. Finally, MCTS inference mode, while
more accurate, incurs substantially higher compu-
tational costs (∼7× more generator calls) for mod-
est gains, which may limit deployment in latency-
sensitive applications.
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A Baseline Method Specifications

Table 4 provides detailed specifications for all base-
line methods discussed in experiments (Table 1).

B Implementation Details

Here we provide comprehensive details on the train-
ing and inference setup for reproducibility.

B.1 Supervised Fine-Tuning Phase

We utilize Axolotl3 as our training framework for
the supervised fine-tuning phase. The extractor
is initialized from Qwen3-4B-Thinking and fine-
tuned using LoRA for parameter-efficient training.
The detailed hyperparameters are presented in Ta-
ble 5.

B.2 Reinforcement Learning Phase

For the RL training phase, we adopt verl4 as our
training framework, coupled with vLLM5 as the in-
ference engine for efficient rollout generation. The
complete RL training hyperparameters are detailed
in Table 6. The policy model is initialized from
the model obtained after supervised fine-tuning.
We use GRPO (Group Relative Policy Optimiza-
tion) (Shao et al., 2024) which estimates advan-
tages by comparing multiple responses per prompt
rather than using a learned value function. We set
the reward balance coefficient λ = 2, emphasiz-
ing outcome-based optimization while maintaining
sufficient path-level supervision to guide local in-
formation selection decisions.

3https://github.com/axolotl-ai-cloud/axolotl
4https://github.com/volcengine/verl
5https://github.com/vllm-project/vllm

B.3 Inference Phase

In inference, we set the maximum reasoning steps
to 5 for both CoT planning and MCTS, with the
number of rollouts set to 10. For deployment, we
establish a comprehensive infrastructure integrat-
ing multiple components:

Retriever Server: We construct our retrieval
server using the Wikipedia 2023 dump as the pri-
mary knowledge source. We employ Qwen3-4B-
Embedding as our dense retriever with FAISS6 for
efficient vector search.

LLM Service: We use SGLang7 as our LLM
server with LiteLLM8 proxy for load balancing
across multiple endpoints. We use 4096 max tokens
with a default temperature of 1 for the generator
and 0.1 otherwise. All agents use top-p sampling
with p = 0.9.

C System Prompts

This section provides the complete prompts used
in State-Aware RAG, organized by their role in the
framework.

C.1 Prompt Overview

Each reasoning step involves five operations that
map to specific prompts. 1⃝ Question Generation
uses the Generator with the Sub-question prompt
to decompose complex questions into atomic sub-
questions and to propose search queries. 2⃝ Re-
trieval is performed by the Retriever using dense
retrieval without any LLM prompt. 3⃝ Consol-
idation employs the Extractor with the Extract
prompt to filter documents and extract relevant
facts. 4⃝ Response Generation uses the Gener-
ator with the Answer prompt to produce answers
from the filtered information. 5⃝ Memory Update
again uses the Extractor with the Extract prompt to
update working memory with the question-answer
pair and associated information. Notably, the Ex-
tract prompt serves dual purposes: consolidating
retrieved documents and updating working mem-
ory.

The MCTS actions invoke different combina-
tions of these prompts. A1. Decompose & Answer
is the primary reasoning step, using the Generator
and Extractor with the Sub-question, Answer, and
Extract prompts. A2. Consolidate uses only the

6https://github.com/facebookresearch/faiss
7https://github.com/sgl-project/sglang
8https://www.litellm.ai/
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Method Retriever Generator Backbone Corpus

Standard RAG

RAG (Lewis et al., 2021) Qwen3-Embedding-4B Qwen3-8B Wikipedia
RAG + Rerank (Glass et al., 2022) Qwen3-Embedding-4B Qwen3-8B Wikipedia

Iterative Retrieval

IR-CoT (Trivedi et al., 2023) Qwen3-Embedding-4B Qwen3-8B Wikipedia
FLARE (Jiang et al., 2023b) Qwen3-Embedding-4B Qwen3-8B Wikipedia
Search-o1 (Li et al., 2025a) Bing Qwen3-8B Web

Query Reformulation

Self-RAG∗ (Asai et al., 2023) Contriever Llama2-7B Wikipedia
RaFe∗ (Mao et al., 2024) Contriever Qwen-max Wikipedia

Planning-Enhanced RAG

MCTS-RAG (Hu et al., 2025b) Bing Qwen3-8B Web
RAG-Star (Jiang et al., 2025a) BGE-large-en-v1.5 Llama-3.1-8B-Inst Wikipedia

RL-Enhanced RAG

Search-R1∗(Jin et al., 2025) E5-base-v2 Qwen-2.5-7B Wikipedia
S3∗ (Jiang et al., 2025b) E5-base-v2 Qwen-2.5-7B-Inst Wikipedia

Memory-Augmented RAG

MemoRAG(Qian et al., 2025) BGE-M3 Phi-3-mini-128K-Inst Wikipedia
HippoRAG(Gutierrez et al., 2024) Qwen3-Embedding-4B Qwen3-8B Wikipedia
HippoRAG 2(Gutiérrez et al., 2025) Qwen3-Embedding-4B Qwen3-8B Wikipedia

State-Aware RAG (ours) Qwen3-Embedding-4B Qwen3-8B Wikipedia

Table 4: Baseline method specifications. ∗ indicates methods that fine-tune retriever or generator components.
When possible we reproduce results using the same embedding and generator models as used in StateAware
RAG. We use the following additional components - RaFe: Qwen-7b-base model for query re-writing; RAG-Star:
Llama-3.1-8B-Instruct fine-tuned as the reward model; and Memo-RAG: Mistral- 7B-Instruct-v0.2-32K as the
memory model.

Hyperparameter Value

Learning Rate 2e-4
Batch Size 128
Number of Epochs 2
Optimizer AdamW (torch fused)
LR Scheduler Cosine
Warmup Ratio 0.1
Weight Decay 0.0
Base Model Qwen3-4B-Thinking-2507
Sequence Length 8192
Adapter LoRA
LoRA Rank (r) 32
LoRA Alpha (α) 64
LoRA Dropout 0.05
Chat Template Qwen3
Flash Attention Enabled
Sample Packing Enabled

Table 5: Key hyperparameters in the supervised fine-
tuning phase.

Generator with the Consolidate prompt to synthe-
size information without retrieval. A3. Refine re-
attempts response generation using the Generator
and Extractor with the Refine and Extract prompts.
A4. Redirect reformulates the question using only

Hyperparameter Value

Learning Rate 5e-7
Train Batch Size 64
Mini Batch Size 32
KL Coefficient 0.001
KL Loss Coefficient 0.001
Clip Ratio (Low/High) 0.2 / 0.28
Max Prompt Length 2048
Max Response Length 4096
Responses per Prompt 4
Total Epochs 5
Advantage Estimator GRPO
Tensor Parallel Size 2
Sequence Parallel Size 4

Table 6: Key hyperparameters in the RL training phase.

the Generator with the Redirect prompt. A5. Con-
clude produces the final answer using the Gener-
ator and Extractor with the Finalize and Extract
prompts. In Socratic mode, only A1 and A5 are
used.

C.2 Core Framework Prompts
These prompts execute the five operations in each
reasoning step (Figure 1, right).



Parameter Value

Max Depth 5
Top-k (per expansion) 3
Number of Rollouts 10
Exploration Weight 1.0
Retriever Top-k 5

Table 7: MCTS search parameters.

Sub-question Generation Prompt (A1)

Used as part of the Decompose & Answer
action to break down complex questions into
atomic, targeted subquestions.
You are an expert assistant specializing in multi-hop

question answering and reasoning decomposition.
Your task is to analyze whether a main question can
be answered with the provided context, and if not,
generate a strategic subquestion that advances the
reasoning process.

## Core Principle: The generated subquestion must NOT be
answerable using the provided context. If a logical
subquestion can be answered by the context, it is

not a true knowledge gap, and you must look for the
next piece of missing information.

## Step-by-Step Instructions:
1. Analyze the Main Question: Deconstruct the question to

identify its core intent (e.g., factual lookup,
comparison, causal link), key entities, and the
information required for a complete answer.

2. Map Context to Requirements: Systematically check if
the provided context contains all the facts,
entities, and relationships identified in Step 1.

3. Decision Point: Assess Answerability:
- If YES (Context is Sufficient): The main question

can be fully and confidently answered. No
subquestion is needed.

- If NO (Context is Insufficient): The context is
missing at least one critical piece of information.
Proceed to the next steps.

4. If the Context is Insufficient, Execute the Following:
a. Identify the Core Knowledge Gap: Pinpoint the most

immediate and crucial piece of missing information.
b. Formulate the Subquestion: Create a clear, self-

contained question that precisely targets this
single knowledge gap.

c. CRITICAL VALIDATION: Before finalizing, verify that
your formulated subquestion CANNOT be answered by

the provided context.

Question: <question>
Context: <context>

Query Generation Prompt

Used to expand a question into multiple re-
trieval queries before the retrieval step.
You are a highly advanced Reasoning Engine. Your primary

function is to deconstruct a user's Input (a
question or statement) into a series of precise,
self-contained, and essential search queries. The
goal is to generate queries that, when answered,
provide all the necessary facts to answer/verify
the Input.

## Guiding Principles for Queries
1. The Zero-Synthesis Principle (Most Important): You

MUST NOT introduce any new information, entities,
or concepts that are not explicitly present in the
original Input.

2. Fully Self-Contained: The query MUST BE SELF-CONTAINED,
meaning it should be understandable and answerable

without needing to refer to the original Input,
other queries, or any external context.

3. Atomic: Each query must ask for one single,
indivisible fact. Deconstruct questions containing
conjunctions ("and", "or") or multiple attributes
into separate queries.

4. Essential & Non-Redundant: Every query must be
necessary for the final answer, and must seek a
unique piece of information not covered by other
queries.

## Instructions:
1. Parse the Input:

- If the input is a question: Identify its type, key
entities, and the required reasoning steps.

- If the input is a statement: Deconstruct it into
its core, verifiable claims.

2. Generate Strategic Queries: Formulate a list of search
queries to resolve the Input.

3. Ensure Self-Containment: Each query must be
understandable and answerable on its own.

Input: <question>

Extract Prompt

This prompt serves multiple purposes: (1) ex-
tracting relevant information from retrieved
documents, (2) reflecting on existing memory,
and (3) consolidating new information into up-
dated memory. The same template is used with
different inputs for each purpose.
You are a meticulous and insightful research analyst.

Your primary objective is to build a comprehensive
dossier of all information from the provided text
that could help a user fully understand and answer
their question. You prioritize thoroughness,
context, and nuance. You must think step-by-step to
ensure no helpful detail, however tangential, is

overlooked.

## Instructions:
- Step 1: Question Deconstruction: First, carefully

analyze the user's Question. Identify and list the
primary subject, all key entities (people,
organizations, concepts), and the specific
information or insight the user is seeking. This is
your 'search brief'.

- Step 2: Candidate Identification: Next, read the entire
Raw Data and identify and quote ALL passages that

seem potentially related to the concepts from Step
1. Be liberal and inclusive in this initial pass;
we will filter and refine in the next step. If no
passages appear even remotely related, state this
and proceed to Step 5.

- Step 3: Systematic Relevance Evaluation: Now, for each
candidate passage quoted in Step 2, you must
perform a systematic evaluation. Iterate through
each quote and assess it against the following
criteria: Directly Answering, Contextual,
Supporting Evidence, Methodological, Alternative
Perspectives, Related Concepts, Implications,
Enrichment, Entities. For each candidate quote, you
must state exactly which criterion (or criteria)

it meets and provide a one-sentence justification
for your assessment. If a quote meets no criteria,
mark it as 'Not Relevant'.

- Step 4: Extraction: Extract ALL relevant information.
Ensure the extraction is strictly verbatim and
includes full sentences to preserve context.

- Step 5: Final Decision: Based on your analysis in the
preceding steps, state your final decision: '
relevant' or 'not_relevant'. A document is only '
not_relevant' if it contains ZERO information that
could relate to any entity or concept in the
question.

Question: <question>



Raw Data: <document>

Answer Generation Prompt (A1)

Used as part of the Decompose & Answer ac-
tion to generate intermediate answers.
You are an expert assistant specializing in precise, well-

reasoned question answering. For each task, you
will receive a question and, optionally, supporting
context. Your goal is to deliver a direct,

accurate answer, accompanied by transparent, step-
by-step reasoning.

## Instructions:
1. Question Analysis: Carefully read and understand the

question. Identify key components and clarify what
is being asked.

2. Context Utilization: If context is provided, analyze
it thoroughly. Extract and summarize all relevant
information that may inform your answer.

3. Information Gap Identification: If the context does
not fully answer the question, identify missing
information. Formulate specific follow-up queries
that would help fill these gaps.

Question: <question>
Context: <context>

C.3 MCTS Action Prompts

These prompts support MCTS actions A2-A5. Ac-
tion A1 uses the core prompts above.

Consolidate Prompt (A2)

Used for the Consolidate action to synthesize
knowledge from context without additional re-
trieval.
You are a specialized AI assistant for multi-step

reasoning. Your sole function is to perform a
single, focused reasoning step. You will be given a
`question` and a `context` containing a collection
of facts or previous reasoning steps. Your task is
to analyze this information and produce a single,

consolidated synthesis. Your conclusion must
consolidate what is known, represent the next
logical step in the reasoning process, and be
derived exclusively from the information within the
`context`.

## Instructions:
1. Analyze the Objective: Examine the main question to

understand the overall goal of the reasoning task.
2. Review the `context`: Scrutinize all facts,

definitions, and prior conclusions provided in the
`context`. This is the sole source of information.

3. Determine the Next Logical Step: Based on `context`
and `question`, decide on the most valuable
reasoning action to perform.

## Critical Constraints:
1. No External Information: Do NOT introduce any facts,

assumptions, or information not present in the `
context`.

2. No New questions: Do not ask for new information. Your
role is to synthesize, not to query.

Question: <question>
Context: <context>

Refine Prompt (A3)

Used for the Refine action to verify and im-
prove existing answers.
You are an expert assistant specializing in rigorous

answer verification and question answering. For
each task, you will receive a question, a proposed
answer, and supporting context. Your goal is to
systematically verify the answer's correctness and
provide a refined response that ensures accuracy,
completeness, and logical coherence.

## Instructions:
1. Question Decomposition: Parse the question's

requirements, scope, and expected answer type.
2. Context Analysis: Extract all relevant facts,

relationships, and evidence from the provided
context.

3. Answer Evaluation: Systematically assess the proposed
answer to determine if the answer is:

- CORRECT: Accurate, complete, and well-supported
- PARTIAL: Correct but incomplete or lacking detail
- INCORRECT: Contains factual errors or logical flaws
- UNSUPPORTED: Cannot be verified against available
context

4. Response Generation: If the answer is correct or
partially correct, confirm and potentially enrich
it. If it is incorrect or unsupported, provide a
refined answer.

Question: <question>
Proposed Answer: <answer>
Context: <context>

Redirect Prompt (A4)

Used for the Redirect action to reformulate
questions for greater specificity.
You are a Prompt Refiner, an AI expert skilled at

transforming unclear or complex questions into
precise, answerable queries. Your primary goal is
to enhance the clarity and effectiveness of
questions while preserving their original intent.

## Guiding Principles:
1. Clarity First: Eliminate ambiguity, jargon, and

convoluted phrasing. Use simple, direct language.
2. Preserve Intent: The rephrased question must ask the

same thing as the original. Do not add new concepts
or alter the core inquiry.

3. Enhance for Answerability: Structure the question to
be specific and self-contained, guiding a clear
path to the answer.

## Instructions:
1. Deconstruct: Identify the key subject, the core action,

and any important details or constraints in the
original question.

2. Pinpoint Problems: Note any vague terms, confusing
sentence structure, or multiple questions combined
into one.

3. Rephrase and Refine: Rewrite the question to be clear,
concise, and unambiguous.

Question: <question>

Finalize Prompt (A5)

Used for the Conclude action to generate the
final answer.
You are an expert assistant specializing in precise, well-

reasoned question answering. For each task, you
will receive a question and, optionally, supporting
context. Your goal is to deliver a direct,

accurate answer, accompanied by transparent, step-
by-step reasoning.



Instructions:
1. Question Analysis: Carefully read and understand the

question. Identify key components and clarify what
is being asked.

2. Context Utilization: If context is provided, analyze
it thoroughly. Extract and summarize all relevant
information that may inform your answer.

3. Information Gap Identification: If the context does
not fully answer the question, identify missing
information. Do reasoning based on your own
knowledge and the context provided to fill these
gaps and provide a complete answer.

Question: <question>
Context: <context>

C.4 Auxiliary Prompts

C.4.1 RL Training Rewards

Path-Aware Reward Prompt

Evaluates individual reasoning steps for local
coherence.
You are an expert evaluator tasked with assessing the

quality of a single step within a complex reasoning
process. Your evaluation must be objective,

critical, and strictly adhere to the provided
rubric.

### Context:
An agent is attempting to answer a main question by

breaking it down into a series of steps. You are
provided with the agent's reasoning trace so far,
and you must evaluate the quality of the most
recent step.

Main Question: <main_question>
Full Reasoning Trace (Prior Steps): <reasoning_trace>

### Step to Evaluate:
Sub-Question: <sub_question>
Information Selected for this Step: <selected_information

>
Generated Answer for this Step: <generated_answer>

### Task & Evaluation Rubric:
First, provide a step-by-step analysis based on the four

criteria below. Then, assign a score from poor to
excellent for each criterion:

1. Relevance: How relevant was the "Information Selected
for this Step" to the "Sub-Question"?

2. Sufficiency: How comprehensive was the information in
addressing the sub-question?

3. Logical Coherence: How does the "Generated Answer"
follow logically from the "Full Reasoning Trace"?

4. Factuality: How is the "Generated Answer" factually
correct according to the "Information Selected for
this Step"?

Outcome-Aware Reward Prompt

Evaluates complete reasoning trajectories for
global reasoning success.
You are an expert assistant specializing in evaluating

the quality of reasoning processes. You will be
given:

- Original Question: The question the reasoning path
attempts to answer

- Reasoning Path: The sequence of steps, arguments, or
inferences presented as the solution or explanation

- Correct Answer (Optional): The known correct answer to
the Original Question

Please analyze the provided Reasoning Path based on the
following criteria:

## Instructions:
1. Overall Path Evaluation: Assess the Reasoning Path as

a whole:
- Coherence: Does the entire Reasoning Path
demonstrate a logical and understandable flow?

- Completeness & Sufficiency: Does the path include
all necessary intermediate steps?

- Consistency: Are there any internal contradictions
or inconsistencies?

2. Conclusion Assessment:
- If a Correct Answer is provided: Does the Reasoning

Path ultimately arrive at the Correct Answer?
- If no Correct Answer is provided: How convincing
and well-supported is the stated conclusion?

Original Question: <original_question>
Reasoning Path: <reasoning_path>
Correct Answer (Optional): <correct_answer>

C.4.2 Evaluation and Aggregation

Judge Answer Prompt

Used for inference-time reward computation in
MCTS (0-10 rating scale).
You are an expert evaluator. Your task is to provide a

total rating on a scale of 0.0 to 10.0 for how well
the system_answer resolves the user_question.

Where 0.0 is completely unhelpful, irrelevant, or
incorrect, and 10.0 is a perfect answer that is
helpful, correct, and clear.

Evaluation Criteria:
- Helpfulness & Relevance: How does the answer
address the user's core need?

- Correctness: Is the information accurate? If a
correct_answer is provided and the system_answer
matches it, you must give a rating of 10.0.

User Question: <user_question>
System Answer: <system_answer>
Correct Answer (Optional): <correct_answer>

Evaluate Answer Prompt

Used for binary correctness evaluation in
benchmark metrics.
You are an expert assistant specializing in evaluating

the quality of answers to questions. Your task is
to assess the correctness of a model's generated
output, which includes both its reasoning process
and its final answer.

Instructions:
1. Question Analysis: Carefully read and understand the

question. Identify key components and clarify what
is being asked.

2. Answer Evaluation: First, compare the final conclusion
of the predicted answer against the correct

answers. Check for semantic equivalence, not just a
literal match. A predicted answer is considered

correct if it matches any one of the correct
answers.

3. Final Decision: Based on your evaluation, determine
the decision:

- Mark as true (Correct) if: The model's final answer
semantically matches the correct answer OR the

correct answer is clearly present or implied in the
reasoning steps.

- Mark as false (Incorrect) if: The correct answer is
NOT found in the final answer OR anywhere in the

reasoning path.

Question: <question>
Correct Answer: <correct_answer>



Predicted Answer: <predicted_answer>

Majority Vote Prompt

Used for determining consensus from multiple
generated answers.
You are an expert assistant specializing in evaluating

the answers to questions. Given a question and a
set of answers, your task is to determine the final
answer based on majority voting.

## Instructions:
1. Question Analysis: Carefully read and understand the

question. Identify key components and clarify what
is being asked.

2. Identify the underlying consensus: Determine the most
frequent and correct answer, even if the wording
varies across the different responses.

3. Synthesize the final answer: Formulate a single,
directed, consolidated, and accurate answer based
on the majority consensus for the question.

Question: <question>
Answers: <answers>

Synthesize Final Answer Prompt

Used for combining multiple reasoning paths
into a superior final answer.
You are an expert in argumentative synthesis and logical

reasoning. Your task is to act as an impartial
adjudicator and synthesizer. You will not generate
a new answer from scratch, but will instead
construct a superior answer by critically analyzing
and integrating the provided candidate answers.

## Instructions:
Phase I: Deconstruction and Quality Assessment:

- Deconstruct Each Candidate: For each candidate
answer, break it down into: Conclusion, Premises,
and Reasoning Path.

- Assess Individual Quality: Evaluate based on
Factual Accuracy, Logical Soundness, and
Sufficiency.

Phase II: Conflict Mapping and Adjudication:
- Identify Points of Convergence and Divergence: Map
where candidates agree and disagree.

- Adjudicate Conflicts: For Factual Conflicts,
prioritize authoritative sources. For Logical
Conflicts, discard fallacious arguments.

Phase III: Recomposition and Final Argument Construction:
- Construct the Synthesized Reasoning Path: Build a
new, superior line of reasoning using the best
evidence and logical connections.

- State the Final Synthesized Answer: Based on your
newly constructed reasoning path.

- Perform a Final Self-Critique: Verify the answer is
logical, well-supported, and addresses the

question.

Question: <question>
Candidate Answers: <reasoning_paths>


	Introduction
	Related Work
	Methodology
	State-Aware RAG Framework
	Training via Path-Outcome Dual Rewards
	Inference

	Experiment Setup
	Training Setup
	Evaluation
	Baselines

	Results and Discussion
	Ablation Studies
	Component Analysis
	Inference Analysis

	Conclusion
	Baseline Method Specifications
	Implementation Details
	Supervised Fine-Tuning Phase
	Reinforcement Learning Phase
	Inference Phase

	System Prompts
	Prompt Overview
	Core Framework Prompts
	MCTS Action Prompts
	Auxiliary Prompts
	RL Training Rewards
	Evaluation and Aggregation



