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Abstract—Retrieval-Augmented Generation (RAG) combines
document retrieval with generation models, and its performance
depends on how evidence is aggregated across multi-step retrieval
rather than a single top-k list. We focus on reinforcement
learning (RL)-based retrieval path optimization, addressing two
key challenges: sparse, delayed long-horizon rewards from down-
stream QA tasks, and generalization degradation under corpus
distribution shift. We propose a framework with two modules:
Dynamic Multi-Scale State Encoding (DMSE) learns temporal
state representations by hierarchically encoding retrieval tra-
jectories (via BiGRU, self-attention, and descriptive statistics,
fused via cross-scale attention for phase-aware decisions); Meta-
Policy Guided Path Adaptation (MPGPA) uses a lightweight
meta-controller to track corpus signals, adjusting exploration and
ranking parameters to stabilize model behavior. Experiments on
seven open-domain QA benchmarks show significant improve-
ments: our approach outperforms baselines including RAFT [1]
by 2.9–19.6 EM points (7.9 on average), reduces performance
variance by 51%, and enhances exploration diversity. Ablation
studies validate DMSE and MPGPA’s efficacy.

Index Terms—RAG, Reinforcement-Learning-based Retrieval
Optimization, Dynamic Multi-Scale State Encoding, Meta-Policy-
Guided Path Adaptation, Corpus Distributional Shift, Multi-Hop
Reasoning, Open-Domain Question Answering

I. INTRODUCTION

Retrieval-Augmented Generation (RAG) improves language
model outputs by retrieving external documents and condition-
ing generation on the retrieved evidence [2]. In many realistic
settings (e.g., multi-hop question answering (QA)), retrieval is
not a single-shot top-k operation. Instead, the system retrieves
iteratively, where earlier choices shape later candidates and
ultimately affect the generator’s final answer. We refer to

this sequence as a retrieval path. Optimizing a retrieval path
is a sequential decision-making problem that naturally lends
itself to reinforcement learning (RL). However, applying RL
to RAG retrieval remains challenging in practice: meaningful
supervision often arrives only at the end of the path (e.g.,
Exact Match (EM) / F1 of the generated answer), and retrieval
corpora evolve over time, causing distribution shift that can
invalidate a policy trained on a static snapshot [3].

A major obstacle is the sparse and delayed reward signal.
The policy receives informative feedback only after the final
generation step, yet it must perform long-horizon credit assign-
ment to early retrieval decisions that shaped the evidence set. A
second obstacle is that the information needed to act changes
over the trajectory. Early steps benefit from broad semantic
exploration, whereas later steps require fine-grained matching
to the evolving context. If the RL state representation fails
to encode these phase-dependent signals explicitly, the policy
tends to become either myopic (overemphasizing immediate
relevance) or unstable (over-exploring without accumulating
coherent evidence).

To support phase-dependent decision-making under sparse
feedback, we propose Dynamic Multi-Scale State Encoding
(DMSE). DMSE constructs the RL state from three comple-
mentary views of the retrieval process: (i) a short-term encoder
capturing the most recent retrieved documents, (ii) a long-term
encoder modeling full-trajectory semantics, and (iii) a local
encoder summarizing statistics of the current top-k candidate
set. These representations are fused via cross-scale attention to
produce a single state vector for the policy. This design makes
the policy explicitly aware of where it is in the trajectory



and which evidence signals are currently most informative,
improving long-horizon credit assignment without changing
the underlying RL objective.

However, even with a strong state representation, a policy
trained on one corpus snapshot can generalize poorly when
the corpus distribution shifts (e.g., document updates, domain
drift, or injected distractors). Heavyweight remedies such as
online fine-tuning are often impractical in large-scale retrieval
pipelines. This motivates a lightweight inference-time mech-
anism that can adjust retrieval behavior based on observable
signals of distributional change.

To handle corpus shift without retraining, we introduce
Meta-Policy Guided Path Adaptation (MPGPA). MPGPA does
not select documents directly; instead, it monitors retrieval-
space statistics (e.g., candidate entropy or similarity histogram
shifts) and modulates two control knobs of the main policy:
an exploration coefficient (α) and a ranking temperature (τ ).
The meta-controller is trained with a variance-minimization
objective across multiple corpus conditions, encouraging stable
performance under drift. Together, DMSE and MPGPA form a
retrieval-path optimization framework that is both trajectory-
aware and distribution-aware.

In this paper, we instantiate these two innovations in the
context of multi-step retrieval for open-domain QA and vali-
date our framework across seven benchmarks: NQ, TriviaQA,
PopQA, HotpotQA, 2Wiki, Musique, and Bamboogle. These
datasets span diverse reasoning types—from factual recall to
multi-hop and commonsense inference—providing a rigorous
testbed for evaluating retrieval path optimization. Our results
show that the proposed model not only improves final QA per-
formance over competitive RL-based and contrastive retriev-
ers, but also exhibits greater stability under both synthetic and
real-world distribution shift scenarios. Ablation studies further
confirm the independent and joint contributions of DMSE
and MPGPA, offering insights into the roles of dynamic state
encoding and policy modulation in long-horizon retrieval.

Our contributions are threefold. (1) We formulate RL-based
retrieval path optimization for RAG under sparse terminal
rewards and corpus distribution shift, and identify trajectory-
aware state modeling and lightweight deployment-time adapta-
tion as two key requirements for practical RL-based retrieval.
(2) We propose DMSE, a dynamic multi-scale state represen-
tation that jointly encodes recent context, long-range intent,
and candidate-set statistics, and fuses them via cross-scale
attention to enable phase-aware retrieval decisions. (3) We
introduce MPGPA, a lightweight meta-policy that modulates
exploration and ranking sharpness using retrieval-space statis-
tics and is trained to minimize performance variance across
shifted corpora; we validate the framework’s effectiveness and
robustness via extensive experiments on seven open-domain
QA benchmarks.

II. RELATED WORK

A. Retrieval-Augmented Generation (RAG)

Retrieval-Augmented Generation (RAG) has become a stan-
dard paradigm for knowledge-intensive NLP tasks, including

open-domain QA, fact verification, and dialogue systems. A
typical RAG pipeline retrieves a set of documents for a query
and conditions a generator on the retrieved evidence. Early
systems such as RAG [2] and FiD [4] mainly relied on static
top-k retrieval using DPR [5] or BM25 [6]. While effective,
such static retrieval does not capture dependencies across
multiple retrieval steps, which are crucial for multi-hop and
iterative settings.

Subsequent work explored iterative retrieval [7], [8] and
retrieval-aware reranking to refine evidence selection. How-
ever, many of these methods still treat each retrieval step
independently or rely on heuristic or supervised designs,
limiting their ability to optimize the joint semantics of a
multi-step retrieval trajectory. In contrast, our work explicitly
models retrieval as a sequential decision process and optimizes
retrieval paths.

B. Reinforcement Learning for Document Retrieval
Reinforcement learning (RL) provides a principled frame-

work for sequential retrieval, where an agent selects documents
under delayed feedback derived from downstream metrics
(e.g., EM/F1). Prior work in open-domain QA [9], [10] and
subsequent RL-based retrieval methods formulate the process
as an MDP, with states encoding the evolving context and
actions selecting the next document. These approaches can im-
prove over static baselines, especially for multi-hop retrieval.

Nevertheless, RL-based retrieval remains challenging due
to sparse and delayed rewards and insufficient state modeling.
Many methods receive supervision only after final generation,
making long-horizon credit assignment difficult, and often rely
on shallow or fixed state representations that fail to capture
phase-dependent information needs along the trajectory. Our
DMSE addresses this by constructing temporally structured
multi-scale state representations tailored to retrieval trajecto-
ries.

C. Dynamic State Representations in RL
State representation is critical in RL under partial observ-

ability and long-term dependencies. Recurrent models (e.g.,
LSTMs/GRUs) summarize history but may overemphasize re-
cent observations. Recent advances propose structured history
modeling, including temporal attention [33] and transformer-
based RL agents [34], which improve performance by captur-
ing both short- and long-range dependencies.

Such dynamic state modeling is particularly important for
retrieval, where decisions depend on evolving semantic in-
tent and interactions across previously retrieved evidence.
However, these ideas have not been systematically integrated
into RL-based retrieval for RAG. Our Dynamic Multi-Scale
State Encoding (DMSE) bridges this gap by jointly encoding
short-term context, long-term trajectory semantics, and local
candidate-set statistics, and fusing them via cross-scale atten-
tion for phase-aware decision-making.

D. Domain Adaptation and Meta-RL
Distribution shift is a persistent challenge in retrieval-

augmented systems, arising from corpus updates, domain drift,



and injected distractors. Conventional remedies such as fine-
tuning, domain adaptation objectives, or data augmentation
can be costly or require target-domain supervision, limiting
practicality in dynamic deployments. Meta-learning aims to
improve generalization across environments and enable rapid
adaptation, but its integration into RL-based retrieval for RAG
remains underexplored.

In RL, meta-RL methods such as MAML [12] and contex-
tual modulation improve robustness by conditioning behavior
on environment signals. Inspired by this line of work, we
propose Meta-Policy Guided Path Adaptation (MPGPA), a
lightweight meta-controller that monitors retrieval-space statis-
tics and modulates exploration and ranking parameters at
inference time. MPGPA is trained to minimize performance
variance across corpus conditions, thereby improving robust-
ness under distribution shift.

III. PROBLEM FORMULATION

We formulate retrieval path optimization in RAG as a finite-
horizon Markov Decision Process (MDP) (S,A,P,R, γ, T ),
where an agent sequentially selects documents from a corpus
to construct a retrieval trajectory. At each step t ∈ {1, . . . , T},
the agent observes a state st ∈ S, takes an action at ∈ At,
receives a reward rt ∈ R, and transitions to st+1 ∼ P(· |
st, at). The process terminates after a fixed horizon T or when
the agent selects a special STOP action (treated as trajectory
termination). Since retrieval can be partially observable, we
assume approximate Markovity under a state design that
summarizes retrieval history and candidate-set statistics.

Notation. We use T for the maximum number of retrieval
steps, k for the candidate pool size, and γ ∈ (0, 1] for the
discount factor. The main retrieval policy is πθ(at | st). When
MPGPA is enabled, αt ∈ [0, 1] is an exploration mixing weight
and τt > 0 is a softmax temperature controlling ranking
sharpness.

The environment consists of a document corpus D, a
retrieval engine M (e.g., BM25 or a dense retriever), and
a question q. The action space At is the current top-k
candidate set returned by M at step t (excluding previously
selected documents), allowing the candidate pool to evolve
across steps. The state st summarizes the retrieval history
H1:t−1 = [d1, d2, . . . , dt−1], the current candidate pool Ct ⊂
D, and auxiliary signals (e.g., query embeddings or uncertainty
measures).

The reward is sparse and delayed, defined at the end of the
trajectory based on the generator output â:

rt =

{
0, t < T
Eval(G(q,H1:T ), a

gold), t = T

where Eval(·) may correspond to exact match (EM), F1 score,
or log-likelihood-based utility. The objective is:

J (θ) = Eπθ

[
T∑
t=1

γt−1rt

]
= Eπθ [rT ]

since rt = 0 for t < T . This setting introduces long-range
credit assignment and state ambiguity due to evolving doc-

ument semantics and candidate distributions, motivating tem-
porally structured state modeling and environment-conditioned
exploration.

We model the retrieval state representation st as a composite
of multi-resolution semantic features. Let dt ∈ Rh denote the
embedding of the document selected at time t, and let Ct =
{ct,1, . . . , ct,k} be the set of top-k candidate embeddings at
step t. The multi-scale state embedding is defined as:

st = CrossAttn(fshort(Ht−w:t−1), flong(H1:t−1), flocal(Ct))

where:
• fshort(·): encodes recent documents using a sliding-

window BiGRU,
• flong(·): aggregates the full trajectory with positional

encoding and self-attention,
• flocal(·): computes statistical descriptors of the candidate

pool (e.g., entropy, cluster variance).
Cross-scale attention fuses these representations into a unified
state vector used by the policy.

In deployment, the candidate distribution Ct may drift due
to corpus updates or distribution shift. We therefore introduce
an adaptive policy modulation mechanism governed by a
meta-policy µφ, which observes retrieval-level statistics zt and
outputs modulation parameters αt and τt:

(αt, τt) = µφ(zt),

πmod
θ (at | st) = (1− αt) · Softmax

(
Qθ(st, ·)

τt

)
(at)

+ αt · Unif(At)(at)

The meta-policy is optimized to minimize the variance of the
downstream QA reward across corpus distributions D(i) ∼ P:

min
φ

VarD(i)

[
E
π
µφ
θ

[r
(i)
T ]
]

This formulation keeps the main policy focused on reward
maximization while enabling lightweight inference-time adap-
tation under distributional change.

IV. DYNAMIC MULTI-SCALE STATE ENCODING (DMSE)

A. Motivation

A key limitation of existing RL-based document retrieval
methods is their oversimplified state modeling. Many ap-
proaches represent the retrieval state using flat concatenations
of retrieved document embeddings or static relevance scores
from dense retrievers, which are insufficient to capture the
temporal dynamics and hierarchical semantics of multi-step
retrieval. In RAG, retrieval paths exhibit strong cross-phase
dependencies: early retrieved documents steer subsequent re-
trieval by shaping the semantic search space, while later
decisions require awareness of both accumulated intent and the
current candidate distribution. Moreover, information needs
vary across phases—early steps benefit from broad seman-
tic exploration, whereas later steps demand precise context
matching. These observations motivate a phase-aware policy
operating on a multi-scale state representation that integrates



Fig. 1. Overview of Dynamic Multi-Scale State Encoding (DMSE). The
retrieval horizon is T ; the figure depicts a length-T retrieval trajectory that is
encoded at short-term, long-term, and local (candidate-set) scales and fused
via cross-scale attention.

short-term context, long-term intent, and local candidate struc-
ture (Fig. 1).

To this end, we propose Dynamic Multi-Scale State Encod-
ing (DMSE), a structured state representation framework that
provides temporally and semantically enriched observations
for RL-based retrieval. At each step t, DMSE constructs a
composite state embedding st by aggregating three sources of
information: (1) recent retrieval history over a short window
Ht−w:t−1, (2) the full retrieval trajectory H1:t−1, and (3)
statistical descriptors of the current candidate pool Ct. These
components are encoded by specialized modules and fused
via cross-scale attention into a single state vector for action
selection, enabling the policy to adaptively emphasize different
information scales across retrieval phases.

B. Architecture

We define the DMSE state at step t, denoted st, as the fusion
of three scale-specific encoders:

st = CrossAttn (fshort(Ht−w:t−1), flong(H1:t−1), flocal(Ct))

1) Short-term Context Encoder fshort: The short-term en-
coder captures recent retrieval patterns indicative of immedi-
ate semantic focus. We implement it with a sliding-window
bidirectional GRU (BiGRU) [13] over the last w retrieved
documents:

fshort(Ht−w:t−1) = BiGRU ([dt−w, . . . , dt−1]) ∈ Rh

Each document di ∈ Rd is represented as a dense em-
bedding (e.g., the CLS token from BERT [14], or sentence
embeddings from Word2Vec [15] / GloVe [16]). The BiGRU
models forward and backward semantic transitions within the
window, and we use the final hidden state as the short-term
representation.

2) Long-term Trajectory Encoder flong: To capture long-
range intent accumulation, we apply a position-aware self-
attention encoder [17], [18] over the full history H1:t−1. Let
D = [d1, . . . , dt−1] ∈ R(t−1)×d be the matrix of historical
document embeddings. We add sinusoidal positional encoding
P ∈ R(t−1)×d and apply multi-head self-attention:

D′ = MultiHeadAttn(D + P ) ∈ R(t−1)×d

flong(H1:t−1) = Aggregate(D′) =
1

t− 1

t−1∑
i=1

D′i

This encoder summarizes global semantic structure along the
retrieval path, including redundancy, coverage, and topical
progression.

3) Local Candidate Encoder flocal: The local encoder cap-
tures distributional characteristics of the current candidate set
Ct = {ct,1, . . . , ct,k}, where each ct,i ∈ Rd. Instead of en-
coding each candidate individually, we summarize candidate-
set geometry with compact statistics. We compute the mean
embedding

µt =
1

k

k∑
i=1

ct,i,

the element-wise variance embedding

σ2
t =

1

k

k∑
i=1

(ct,i − µt)2,

and a coarse cluster entropy Ht obtained by assigning candi-
dates to K clusters and computing empirical cluster propor-
tions pj :

Ht = −
K∑
j=1

pj log pj , pj =
1

k

k∑
i=1

I(ct,i ∈ clusterj).

We then concatenate these statistics into a compact vector:

flocal(Ct) = [µt;σ
2
t ;Ht] ∈ R2d+1.

This representation informs the policy about semantic variabil-
ity and uncertainty in the current retrieval space.

4) Cross-Scale Attention Fusion: To integrate the three
streams, we denote sshort

t = fshort(Ht−w:t−1), slong
t =

flong(H1:t−1), and slocal
t = flocal(Ct). In practice, we project all

scale-specific representations to a shared d-dimensional space
before fusion; in our implementation, we set h = d for the
BiGRU encoder (or apply a linear projection when h 6= d).
We then apply a learned attention fusion layer:

St = [sshort
t , slong

t , slocal
t ] ∈ R3×d

αt = Softmax(WaS
>
t ) ∈ R3, Wa ∈ R1×d

st =

3∑
i=1

αt,iSt,i

The weights αt are computed dynamically, allowing the policy
to shift attention between recent decisions, long-term intent,
and local candidate structure across retrieval phases.



C. Training

DMSE is integrated into an actor-critic RL framework,
where the policy network πθ takes the DMSE state st as input
to select documents, and a critic network Vψ estimates the
expected return. We adopt the Advantage Actor-Critic (A2C)
objective [19]. Given the terminal reward rT , the return Rt
and advantage At are:

Rt =

T∑
l=t

γl−trl = γT−trT , At = Rt − Vψ(st)

The actor loss is:

Lactor = −Eπθ [log πθ(at|st) ·At]

and the critic loss is:

Lcritic = Eπθ
[
(Vψ(st)−Rt)2

]
The overall RL objective includes entropy regularization
H[πθ]:

LRL = Lactor + λc · Lcritic − λe · H[πθ]

where λc and λe are weighting coefficients.
To stabilize learning under sparse terminal rewards, we

further introduce an auxiliary trajectory-level supervision sig-
nal for DMSE’s cross-scale attention. We compute a decayed
reward signal:

∇path
t =

γT−t · rT∑T
j=1 γ

T−j
, t = 1, . . . , T

and use it to guide the attention weights αt ∈ R3 via:

Lscale =

T∑
t=1

KL
(
αt ‖ αtarget

t

)
where αtarget

t is a weak phase-aware prior (e.g., emphasizing
long-term encoding in early steps and short-term encoding in
late steps). The final training objective is:

Ltotal = LRL + λs · Lscale

All DMSE modules (BiGRU, attention encoders, and fusion
layers) are trained end-to-end with the RL objective, support-
ing efficient backpropagation through time over each retrieval
trajectory.

V. META-POLICY GUIDED PATH ADAPTATION (MPGPA)

A. Motivation

While reinforcement learning (RL) enables long-horizon op-
timization of retrieval policies, it typically assumes a stationary
environment, i.e., that the data distribution remains stable
between training and inference. In practical RAG deployments,
this assumption is often violated: retrieval corpora evolve over
time due to document updates, distribution shift, or user-
specific context injection. As a result, retrieval paths learned
under one distribution Dtrain may become suboptimal or even
harmful when deployed under a different distribution Dtest.
Such retrieval-space distribution shift can lead to substantial

Fig. 2. Meta-Policy Guided Path Adaptation (MPGPA). The meta-controller
µφ is shown from two perspectives: (i) training, where µφ is optimized with
a variance-based objective across shifted corpora, and (ii) deployment, where
µφ observes retrieval-space statistics and outputs αt (exploration mixing) and
τt (temperature) to modulate the main policy.

generalization degradation, especially in low-resource or dy-
namic knowledge-base settings.

Conventional remedies such as online fine-tuning or replay-
based updates are either computationally expensive (requiring
gradient updates at inference time) or insufficiently robust
under large-scale corpus drift. Moreover, these approaches
typically do not explicitly leverage observable retrieval-
environment signals (e.g., candidate entropy, semantic drift,
or cluster dynamics), which can result in unstable behavior
and brittle exploration under shift (Fig. 2).

To address this, we propose Meta-Policy Guided Path Adap-
tation (MPGPA), a lightweight auxiliary control mechanism
that operates alongside the main retrieval policy. MPGPA
decouples exploration modulation from the primary retrieval
decision process and delegates it to a meta-controller that
continuously monitors distributional indicators. Rather than
selecting documents directly, MPGPA dynamically adjusts
two inference-time control parameters of the main policy: an
exploration coefficient αt and a softmax temperature τt. This
enables distribution-aware exploration and ranking calibration
without retraining the main policy.

B. Meta-Policy Architecture

At each retrieval step t, the meta-policy µφ receives a con-
textual descriptor zt ∈ Rm summarizing retrieval-environment
statistics. This descriptor aggregates corpus-level signals such
as candidate entropy, cluster compactness, and similarity his-
togram shifts. Let Ct = {ct,1, . . . , ct,k} be the candidate
embeddings at step t, and let µt denote their centroid:

µt =
1

k

k∑
i=1

ct,i

We define the embedding variance σ2
t , the K-means clus-

tering loss Lcluster (with clusters C(j)t and centroids µj), and



cosine histogram entropy Hcos as:

σ2
t =

1

k

k∑
i=1

‖ct,i − µt‖22

Lcluster =

K∑
j=1

∑
c∈C(j)t

‖c− µj‖22

Hcos = −
B∑
b=1

pb log pb, pb =
1

k

k∑
i=1

I(cos(ct,i, µt) ∈ binb)

These metrics are concatenated into a fixed-dimensional
descriptor vector:

zt =
[
σ2
t ;Lcluster;Hcos; · · ·

]
∈ Rm

The meta-policy µφ is implemented as an MLP that maps
zt to two continuous outputs:

(αt, τt) = µφ(zt), where αt ∈ [0, 1], τt > 0

Here, αt mixes uniform exploration over the current can-
didate set with score-based ranking induced by Qθ, while τt
controls the sharpness of the softmax ranking. We implement
policy modulation as:

πmod
θ (at | st) = (1− αt) · Softmax

(
Qθ(st, ·)

τt

)
(at)

+ αt · Unif(At)(at),

where Qθ(st, at) is a predicted score (e.g., an action-value
proxy or policy logit). Increasing αt injects broader explo-
ration, while τt calibrates the sharpness of the softmax ranking.

This design enables dynamic behavioral control: under
uncertain or rapidly shifting retrieval distributions (e.g., high
Hcos), the meta-policy can increase αt to encourage explo-
ration and adjust τt to flatten the ranking distribution. Con-
versely, under stable distributions, it reduces αt and sharpens
τt to favor exploitation.

Unlike the main retrieval policy trained via sparse down-
stream rewards, the meta-policy is optimized for robustness
across corpus conditions. Let D(i) ∼ P denote multiple simu-
lated environments (e.g., varying document shifts or synthetic
noise injections), and let r(i)T be the final reward obtained from
each. We define the meta-policy loss as:

Lmeta = Vari
[
E
π
µφ
θ

[r
(i)
T ]
]

This objective encourages stable performance across envi-
ronments. In practice, we estimate Lmeta using a batch of
environment rollouts and update φ at a lower frequency than
θ to keep the meta-controller lightweight.

To prevent over-reacting to noisy statistical signals, we
regularize the outputs of the meta-policy:

Lreg = λα · α2
t + λτ · (τt − τ0)2

where τ0 is a fixed temperature baseline (e.g., 1.0), and λα, λτ
are hyperparameters. The total meta-policy loss becomes:

Lµtotal = Lmeta + Lreg

This formulation enables conservative yet effective adaptation,
improving robustness under distribution shift without destabi-
lizing the main policy.

VI. EXPERIMENTS

A. Datasets

We evaluate on seven open-domain QA benchmarks
spanning factual recall, multi-hop reasoning, compositional
queries, and robustness under noisy/adversarial settings:
NQ [20], TriviaQA [21], PopQA [22], HotpotQA [23], 2Wiki-
MultiHopQA [24], Musique [25], and Bamboogle [26]. This
diverse suite ensures rigorous evaluation of retrieval effec-
tiveness and distributional robustness. We follow standard
train/dev/test splits and associated corpora (e.g., Wikipedia
snapshots). Each dataset is adapted to a multi-step RAG
setting by first retrieving an initial candidate pool with a dense
retriever (e.g., Contriever/DPR) and then applying RL-based
multi-step selection.

B. Baselines

We compare against four baselines: (1) RAG-DPR [2],
[5], a single-shot top-k RAG pipeline; (2) RL-Retriever,
an actor–critic sequential retriever with a fixed/shallow state
representation; (3) Contrastive Rerank [27], which re-ranks
candidates via contrastive similarity without long-horizon pol-
icy optimization; and (4) RAFT [1], a strong recent RAG
adaptation baseline. All methods use the same retriever–
generator backbone when applicable and are evaluated on
identical splits and metrics. For behavioral metrics (Table 2),
we additionally report RL-Dense and RL-Sparse, which differ
only in the candidate generator.

C. Implementation

We implement our framework in PyTorch with Hugging
Face Transformers, using Contriever [27] (for strong zero-shot
retrieval) as the retriever and a T5-based reader for generation
(e.g., FiD-T5-base [4], [28]). At each step, the policy selects
one document from a dynamic pool of size k = 20; after
T = 4 steps, selected documents H1:T are passed to the
generator G(q,H1:T ). Candidate retrieval uses MIPS with a
FAISS backend [29]. We train an actor–critic policy with
GAE [30] to reduce update variance; the actor consumes
DMSE state representations and the critic uses a separate value
head. Trajectories terminate via STOP or an entropy threshold;
MPGPA modulates action probabilities with αt and τt, and
is updated once every 100 policy updates to minimize QA
performance variance across distribution shifts, using retrieval-
space statistics. We optimize with AdamW [31] and gradient
clipping (max norm 1.0). Metrics include Exact Match (EM),
F1 score, ROUGE [32], retrieval-path diversity, and document-
selection entropy. All experiments run on 4 NVIDIA A100
GPUs with mixed precision.



VII. RESULTS AND ANALYSIS

A. Overall Performance

We evaluate our framework on seven open-domain QA
benchmarks—Natural Questions (NQ), TriviaQA, PopQA,
HotpotQA, 2Wiki, Musique, and Bamboogle—covering fac-
tual retrieval, multi-hop reasoning, and robustness under
noisy/adversarial settings. We evaluate models using four core
metrics: Exact Match (EM), F1 score, path diversity, and
document-selection entropy. EM and F1 reflect downstream
answer accuracy, while path diversity and entropy characterize
retrieval behavior, especially the ability to avoid myopic or
repetitive retrieval patterns.

We first report the main QA results in terms of EM in
Table I; F1 follows consistent trends and is omitted for brevity.
As shown, Ours (DMSE+MPGPA) outperforms all strong
baselines across datasets, demonstrating the effectiveness of
our trajectory-aware and distribution-aware retrieval-path op-
timization. The gains are particularly pronounced on multi-
hop benchmarks (HotpotQA, 2Wiki, Musique) and robustness-
oriented datasets (PopQA, Bamboogle), aligning with DMSE’s
ability to capture semantic dependencies across multi-step tra-
jectories and MPGPA’s robustness under shift, and indicating
improved evidence aggregation over multi-step retrieval paths.

TABLE I
MAIN EXPERIMENTAL RESULTS ON SEVEN QA BENCHMARKS. BEST

PERFORMANCE IS HIGHLIGHTED IN BOLD.

Dataset
RAG-DPR

[2] [5]
RL-

Retriever
Contrastive
Rerank [27]

RAFT
[1]

Ours
MPGPA

Ours
DMSE+
MPGPA

EM (%)
NQ 34.8 42.1 43.2 44.9 46.2 47.8
TriviaQA 54.4 58.3 60.1 61.8 64.1 66.2
PopQA 38.7 41.3 42.6 43.5 45.8 47.3
HotpotQA 25.5 29.7 32.1 38.9 43.1 45.2
2Wiki 22.6 27.4 30.2 35.1 44.3 46.1
Musique 4.7 6.6 8.9 15.4 20.8 22.4
Bamboogle 0.8 12.8 15.3 28.7 46.2 48.3
Average 25.9 31.2 33.2 38.3 44.4 46.2

To further evaluate retrieval behavior, we analyze path
diversity and document-selection entropy across retrieval steps.
Higher entropy indicates less over-confident selection and
better-calibrated exploration, while higher diversity suggests
the policy does not collapse to repetitive retrieval routes.
As shown in Table II, our full method (DMSE+MPGPA)
achieves higher entropy and diversity than the static retriever
and two RL retrieval variants, consistent with DMSE providing
richer trajectory state representations and MPGPA preserving
exploration under distribution shifts.

In addition to absolute performance gains, we evaluate
robustness under simulated corpus distribution shift, a core
motivation for MPGPA. We simulate shifts by changing
the underlying corpus slice (e.g., using different time-sliced
Wikipedia snapshots) or injecting retrieval noise through para-
phrased queries. Under these conditions, we compute the
standard deviation (SD) of EM across 10 randomized slices per
dataset. As shown in Table III, MPGPA significantly reduces

TABLE II
PATH DIVERSITY AND DOCUMENT SELECTION ENTROPY COMPARISON.
HIGHER VALUES INDICATE BETTER EXPLORATION BEHAVIOR AND LESS

DETERMINISTIC RETRIEVAL PATTERNS.

Model Path Diversity ↑ Entropy of Doc Selection ↑
RAG-DPR 0.41 1.73
RL-Dense 0.48 1.85
RL-Sparse 0.50 1.92
Ours 0.58 2.14

performance variance, indicating its ability to stabilize retrieval
behavior when corpus statistics shift. In contrast, the RL-
Retriever without MPGPA exhibits larger fluctuations under
shift.

TABLE III
PERFORMANCE VARIANCE (STANDARD DEVIATION) UNDER SIMULATED

CORPUS DISTRIBUTION SHIFT. LOWER VALUES INDICATE BETTER
ROBUSTNESS.

Model NQ (SD) PopQA (SD) HotpotQA (SD) Musique (SD)
RL-Retriever
(no MPGPA) 3.7 4.4 5.1 5.5

Ours
(w/ MPGPA) 1.9 2.1 2.4 2.7

B. Component Analysis

We analyze the contributions of DMSE and MPGPA
using the models reported in Tables I–III. First, the im-
provement from RL-Retriever to Ours (MPGPA) in Ta-
ble I highlights the benefit of distribution-aware exploration
modulation, showing that MPGPA yields consistent EM
gains, particularly on multi-hop and robustness-focused bench-
marks. Second, the gap between Ours (MPGPA) and Ours
(DMSE+MPGPA)—holding MPGPA constant—isolates the
effect of DMSE’s multi-scale trajectory encoding, indicating
that richer phase-aware state representations further improve
long-horizon retrieval planning. Third, Table II shows that the
full model maintains the highest path diversity and selection
entropy, suggesting that combining phase-aware state encod-
ing with adaptive exploration prevents premature collapse to
overly deterministic retrieval routes. Table III further supports
MPGPA’s robustness benefit by showing substantially reduced
EM variance under simulated corpus distribution shift.

VIII. CONCLUSION

This paper proposes a reinforcement learning framework for
retrieval path optimization in Retrieval-Augmented Generation
(RAG), addressing two practical challenges: sparse and de-
layed long-horizon rewards, and performance degradation un-
der corpus distribution shift in dynamic retrieval environments.
To tackle sparse feedback and long-range dependencies, we in-
troduce Dynamic Multi-Scale State Encoding (DMSE), which
hierarchically encodes retrieval trajectories into temporally-
aware state representations to support phase-aware decision-
making. To improve robustness under distribution shift, we
propose Meta-Policy Guided Path Adaptation (MPGPA), a
lightweight meta-controller that modulates exploration and



ranking behavior based on corpus-level distribution signals.
Extensive experiments on seven open-domain QA benchmarks
demonstrate consistent and significant gains over strong base-
lines in answer accuracy, exploration behavior, and robustness,
and ablation studies confirm the complementary contributions
of DMSE and MPGPA. Overall, our framework offers a prac-
tical solution for long-horizon retrieval-path learning in RAG
that is both trajectory-aware and robust to corpus distribution
shift.
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