
Findings of the Association for Computational Linguistics: EMNLP 2026, pages 2962–2992
October 24-29, 2026 ©2026 Association for Computational Linguistics

VRR: Verification-Guided Retrieval Revision for Multi-Step QA
Zhijie Li1,2,3 Lei Wang1,2,3* Tianyuan Li1,2,3 Bangju Han1,2,3

Ahtamjan Ahmat1,2,3 Rui Dong1,2,3 Zhen Wang1,2,3

1Xinjiang Technical Institute of Physics & Chemistry,
Chinese Academy of Sciences, Urumqi, China

2University of Chinese Academy of Sciences, Beijing, China
3Xinjiang Laboratory of Minority Speech and Language Information Processing,

Urumqi, China
{lizhijie24, litianyuan23, hanbangju23}@mails.ucas.ac.cn

{wanglei, ahtmj, dongrui, wang_zhenj}@ms.xjb.ac.cn

Abstract

Retrieval-augmented language models improve
knowledge-intensive question answering, but
they remain brittle on multi-step questions,
where an early retrieval error can steer sub-
sequent reasoning toward the wrong entity or
relation. Verification can identify unreliable
answers or weak evidence states, and multi-
step RAG further needs a mechanism that turns
such diagnoses into concrete retrieval repairs.
We propose Verification-Guided Retrieval Re-
vision (VRR), a framework that makes verifi-
cation actionable at the retrieval-control level.
VRR couples a Generator that proposes search
and answers, a Judge that verifies answer cor-
rectness and evidential support while emitting
localized and typed failure diagnoses, and a
Retrieval Context Manager (RCM) that con-
verts these diagnoses into retriever-facing up-
dates such as clue selection, query rewriting,
evidence packing, and state-aware ranking.
To make this loop learnable, we train VRR
in three stages: iterative cold-start training
to stabilize search, judge-shaped policy opti-
mization to improve long-horizon reasoning,
and diagnosis-conditioned RCM training for
retrieval-state adaptation. Across seven open-
domain QA benchmarks with a fixed retriever
and corpus, training on HotpotQA and evaluat-
ing cross-benchmark transfer, VRR surpasses
the strongest prior baseline by 4.2 EM on av-
erage under budget-aligned evaluation, with
larger gains on multi-hop benchmarks (+5.4).

1 Introduction

Large language models (LLMs) answer many
knowledge-intensive questions by combining para-
metric knowledge with contextual reasoning, and
retrieval-augmented generation (RAG) grounds this
reasoning in external evidence (Mallen et al., 2023;
Lewis et al., 2020; Guu et al., 2020; Izacard and
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Grave, 2021). Many open-domain questions re-
quire multi-step retrieval: the model must identify
bridge entities, refine queries, disambiguate can-
didates, and decide whether current evidence is
sufficient. Success therefore depends not only on
using retrieved documents, but also on revising
retrieval after the search trajectory drifts.

This issue is especially severe in multi-step QA.
Once early retrieval commits to the wrong entity,
relation, or constraint, later reasoning may remain
locally coherent while being grounded in irrele-
vant evidence. Prior work has improved multi-
step QA with stronger retrievers (Karpukhin et al.,
2020; Izacard and Grave, 2021), interleaved re-
trieval and reasoning (Xiong et al., 2021; Trivedi
et al., 2023; Yao et al., 2023; Asai et al., 2024),
search-oriented controllers (Jin et al., 2025; Chang
et al., 2025; Huang et al., 2025a), and verification
modules (Zhang et al., 2023; Dong et al., 2025; Chu
et al., 2025; Chen et al., 2025). VRR advances this
line by learning a structured diagnosis-to-retrieval
interface: verification localizes the failure, and the
RCM uses it to update retrieval.

We focus on verification-to-retrieval action in the
retrieval-drift regime. Multi-hop failures often in-
volve wrong bridge entities, unsupported relations,
missing bridge evidence, or locally plausible but
globally incorrect evidence trajectories. A useful
verifier should therefore produce retrieval-facing
signals that identify what failed and how to repair
the evidence state.

We propose Verification-Guided Retrieval Re-
vision (VRR), a three-module framework with a
Generator that proposes search actions and an-
swers, a Judge that predicts accept/revise and
emits typed failure diagnoses, and a Retrieval Con-
text Manager (RCM) that maps diagnoses into
retriever-facing updates. The Judge labels failures
such as entity mismatch, missing bridge evidence,
unsupported relation, and answer-type mismatch;
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Question: Allie Goertz wrote a song about Milhouse from The Simpsons. Whom did Matt Groening name Milhouse after?
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Figure 1: Overview example contrasting a standard generator–judge setup with VRR on a multi-hop question. Left:
ReAct follows an entity-mismatched trajectory and ends with an incorrect answer. Right: VRR uses Judge diagnoses
to trigger retriever-facing revisions through the RCM and recovers the correct answer. Additional step-by-step
examples are provided in Appendix D.1.

the RCM turns them into clue selection, diagnosis-
conditioned query rewriting, state-aware ranking,
and evidence packing or replacement. VRR makes
verification actionable at the retrieval-control level
by learning how localized verification failures re-
vise the next retrieval state.

Training this loop is challenging because the
Generator, Judge, and RCM co-adapt while search
distributions shift and errors compound over long
horizons. We therefore train VRR in three stages
that stabilize the closed loop: iterative cold-start
training bootstraps stable search and reasoning tra-
jectories, Judge-guided policy optimization shapes
long-horizon reasoning with verification signals,
and retrieval optimization trains the RCM as a
diagnosis-conditioned retrieval controller.

We evaluate VRR on seven open-domain QA
benchmarks, training only on HotpotQA and test-
ing cross-benchmark transfer. With a fixed re-
triever and corpus, VRR improves average EM by
4.2 points over the strongest prior baseline, with
larger gains on multi-hop benchmarks. Retrieval-
call cap analysis shows that VRR uses additional
retrieval opportunities more effectively than R1-
Searcher++, and ablations show that the final gain
comes from diagnosis-conditioned retrieval revi-
sion rather than a stronger retriever, extra evidence
source, or generic reranking.

Our contributions are threefold:

• We identify the verification-to-retrieval inter-
face as a significant control problem for re-
pairing retrieval drift in multi-step QA.

• We propose VRR, a Generator–Judge–RCM
framework that converts localized verification
diagnoses into retrieval-state updates.

• We develop a three-stage training pipeline and
show consistent gains across seven QA bench-
marks, especially on multi-hop transfer.

2 Related Work

VRR is most related to iterative retrieval,
verification-based RAG, and search-control agents.
Existing methods improve evidence acquisition, an-
swer checking, or tool-use planning, while VRR
focuses on the interface between verification and
retrieval: a localized failure diagnosis is converted
into the next retrieval-state update.

Iterative retrieval and multi-step reasoning.
Open-domain QA has evolved from retrieve-then-
read pipelines to interleaved retrieval–reasoning
methods for multi-step questions (Karpukhin et al.,
2020; Xiong et al., 2021; Trivedi et al., 2023; Yao
et al., 2023; Asai et al., 2024). Multi-hop retrieval
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also emphasizes bridge-entity transitions and evi-
dence chaining (Das et al., 2019). These methods
improve evidence coverage by repeatedly querying,
reasoning, or self-refining. VRR instead targets
retrieval drift: when a trajectory follows a wrong
entity, relation, or constraint, the Judge identifies
the failure type and the RCM revises the retrieval
state accordingly.

Verification and critique for grounded QA.
Verification and critique modules improve RAG
reliability by checking answer support, ranking
candidate evidence, or detecting unsupported gen-
erations (Asai et al., 2024; Zhang et al., 2025;
Chen et al., 2025; Dong et al., 2025; Chu et al.,
2025). These approaches show that answer and
evidence verification are useful for grounded QA.
VRR makes verification actionable for retrieval
control. The Judge emits typed diagnoses such
as entity mismatch, missing bridge evidence, un-
supported relation, and answer-type mismatch; the
RCM maps them to query rewriting, evidence ex-
pansion, state-aware selection, and context replace-
ment. Appendix C.4 reports comparisons with rep-
resentative critic-based RAG baselines.

Search control and role decomposition. Re-
cent agentic and modular search systems train
models to plan retrieval, use tools, or decompose
search into specialized roles, including Search-R1,
R1-Searcher, R1-Searcher++, MAIN-RAG, RAG-
Gym, ManuSearch, and MetaGPT (Jin et al., 2025;
Song et al., 2025a,b; Chang et al., 2025; Xiong
et al., 2026; Huang et al., 2025a; Hong et al., 2024).
VRR is complementary to this line: it introduces
a diagnosis-conditioned control interface in which
verification directly changes what is retrieved next.
Under a fixed retriever, corpus, and budget, this
design isolates the benefit of connecting failure
diagnosis to retrieval revision.

3 Methodology

We formulate retrieval-augmented question answer-
ing as multi-round search over a fixed corpus. At
each round, the Generator proposes a query and a
candidate answer, the Judge decides whether that
answer is sufficiently grounded, and the Retrieval
Context Manager (RCM) converts failed verdicts
into retriever-facing updates. In the deployed sys-
tem, the Judge is hybrid: a learned verifier predicts
verdicts and typed diagnoses, while deterministic
gates block unsupported accept decisions. The

diagnosis schema covers localized failures such as
entity mismatch, missing bridge evidence, unsup-
ported relation, and answer-type mismatch. Gen-
erator, Judge, and RCM share one backbone LLM
with role-specific LoRA adapters so that they can
exchange compact textual states while still spe-
cializing in search proposal, verification, and re-
trieval adaptation. Figure 2 summarizes the train-
ing pipeline.

3.1 Problem Setup
Let x be a question, y⋆ its gold answer, and C a
large external corpus. A retriever

Ret(q; C,K)→ {d1, . . . , dK} (1)

returns the top-K documents for query q. The
controller interacts with the retriever for at most R
rounds. At round t, the search state is

st = (x, ht, ut−1), (2)

where ht is the history up to round t− 1 and ut−1

is the latest Judge-derived revision instruction. We
write

ht = {(qi, Ei, ŷi, zi, ρi, fi)}t−1
i=1, (3)

where qi is the executed query, Ei the packed ev-
idence, ŷi the candidate answer, zi ∈ {0, 1} the
Judge decision, ρi ∈ {0, 1, . . . , 10} the severity
score, and fi = (Ii,Qi) the structured feedback
with issue types Ii and suggested repair queriesQi.
Subscripts index search rounds, while superscripts
(0) and (1) denote retrieval before and after rewrit-
ing within the same round. We use D(0)

t and D(1)
t

for the candidate sets before and after revision, mt

for the clue subset selected by the RCM, and ut for
the Judge-derived retrieval instruction. K0 and K1

are the two retrieval depths, αt(d) is the RCM rank-
ing score for passage d, TopM keeps the highest-
scoring M passages, and PackB compresses them
into an evidence budget of B tokens. Model pa-
rameters θ, ϕ, and η correspond to the Generator,
Judge, and RCM. The objective is to maximize an-
swer quality while keeping search grounded and
budget-aware.

3.2 VRR: Verification-Guided Retrieval
Revision

VRR factorizes control into a propose–verify–
repair loop with three tightly coupled roles: a Gen-
erator for search and answer proposal, a Judge for
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Figure 2: Main training process for our VRR instantiation: Stage 1 cold-start training, Stage 2 GRPO optimization,
and Stage 3 retrieval optimization for the feedback-to-instruction framework implemented by the RCM. Symbols:
πθ is the Generator policy, Jϕ is the Judge, Mη is the retrieval manager, and DLoRA, Dpref , DRCM are stage-specific
trajectory/pair datasets. The flame icon marks modules updated in the current stage, while the snowflake icon marks
frozen modules.

evidence-grounded verification, and an RCM for
retriever-facing adaptation. The crucial interface
is the Judge-to-RCM message: the Judge emits
typed diagnoses, and the RCM interprets them as
retrieval-state updates rather than free-form cri-
tique. This design makes failure analysis actionable
at the level of the retriever, not merely descriptive
at the level of the Generator.

3.2.1 Generator
At round t, the Generator first proposes a base
query

q
(0)
t ∼ πq

θ(· | st), (4)

and, after receiving evidence Et, produces a candi-
date answer

ŷt ∼ πy
θ (· | x, ht, Et). (5)

The Generator uses reasoning to produce an answer
and to decide what information should be retrieved
next.

3.2.2 Judge
Given (x, ht, Et, ŷt), the Judge outputs

(zt, ρt, ft) = Jϕ(x, ht, Et, ŷt), (6)

where zt ∈ {0, 1} is the accept/revise decision,
ρt ∈ {0, 1, . . . , 10} is the severity score, and

ft = (It,Qt) is structured feedback. We use
ρ̄t = ρt/10 in reward shaping. An accept de-
cision is allowed only when answer type, entity
grounding, and deterministic support all hold:

zt = 1
[
ctype(x, ŷt) ∧ centity(ŷt, Et)

∧ csupport(x, ŷt, Et)
]
.

(7)

where ctype, centity, and csupport are determinis-
tic checks for answer-type compatibility, entity
grounding, and explicit support in Et. The Judge
therefore provides both a stopping signal and a
retrieval-revision message. A learned verifier pre-
dicts (zt, ρt, ft), and the strict gate can rewrite a
raw accept to revise. Unlike inter-passage ver-
ification, which mainly validates fixed candidate
answers across passages (Chen et al., 2025), our
Judge emits localized failure diagnoses for search
revision. The resulting feedback is converted into
the next retrieval instruction

ut = Γ(ft, ρt, ht), (8)

which conditions the next round of search. Fuller
Judge diagnostics are deferred to Appendix C.9.

3.2.3 Retrieval Context Manager
The RCM is a diagnosis-conditioned retrieval con-
troller. Given a base query q

(0)
t , state st, and revi-

sion instruction ut−1, it performs initial retrieval,
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clue selection, diagnosis-conditioned query rewrit-
ing, state-aware ranking, and evidence packing or
context replacement:

D(0)
t = Ret(q

(0)
t ; C,K0),

mt = M sel
η (x, ht,D(0)

t , ut−1),

q
(1)
t = M rewrite

η (x, ht, q
(0)
t ,mt, ut−1),

D(1)
t = Ret(q

(1)
t ; C,K1),

αt(d) = M rank
η (x, ht, d, ut−1),

Et = PackB
(
TopM(D(0)

t ∪ D
(1)
t ;αt)

)
.

(9)

The RCM first retrieves with the base query, selects
salient clues, rewrites the query under the previ-
ous Judge instruction, retrieves again, and then
ranks the union of both candidate sets before pack-
ing the top-M passages into Et. The second re-
trieval is therefore conditioned on Judge feedback
rather than on a fixed answer candidate. In practice,
Mη denotes the learned retrieval adapter trained in
Stage 3; heuristic controls are retained only as abla-
tions and fallbacks under the same RCM interface
(Appendix E.4).

3.3 Closed-Loop Inference
At inference time, the controller alternates Gener-
ator → RCM → Judge until an accept decision
is issued or the round budget is exhausted. Re-
trieval revision is triggered only for localized diag-
noses such as entity mismatch or missing bridge
evidence, which reduces unnecessary query churn
and keeps control tied to concrete failure modes.
Appendix E.4 provides the corresponding pseu-
docode.

3.4 Three-Stage Training
Jointly training the Generator, Judge, and RCM
from scratch is unstable, so we optimize them se-
quentially. The three-stage training pipeline sta-
bilizes the closed loop among Generator, Judge,
and RCM. A key design choice is to rebuild tra-
jectory data from the model’s own multi-step roll-
outs rather than rely on a fixed offline trace set.
This keeps supervision close to the policy’s visited
search distribution. Below, τ denotes a full trajec-
tory, DLoRA, Djudge, and Dpref denote the current
supervision sets, and β in Eq. (12) is the preference
temperature.

3.4.1 Stage 1: Iterative Cold-Start Training
Stage 1 bootstraps stable search and reasoning be-
havior before reinforcement learning. It provides

usable initial trajectories for closed-loop training
and reduces the difficulty of starting from random
or unstable interactions. Each bootstrap iteration
rolls out the current Generator, Judge, and RCM on
the training questions and rebuilds three datasets:
accepted trajectories for Generator SFT, Judge-
labeled states for verification learning, and pref-
erence pairs formed from sibling rollouts on the
same question. Because all three sets are recon-
structed from the current policy, the supervision
remains close to the search distribution actually
visited during training.

The Generator is first trained on accepted trajec-
tories with supervised fine-tuning:

Lgen-sft = −
∑

(x,τ+)∈DLoRA

log pθ(τ
+ | x), (10)

where τ+ denotes a successful multi-step search
trajectory.

The Judge is trained to predict acceptance, sever-
ity, and feedback:

Ljudge = −
∑

(x,ŷ,E,z,ρ,f)∈Djudge

log pϕ(z, ρ, f | x, ŷ, E),

(11)

where z is the binary acceptance label, ρ ∈
{0, 1, . . . , 10} is the integer severity label, and
f = (I,Q) is the structured feedback label.

We then refine the Generator with preference
optimization on model-generated trajectory pairs
Dpref = {(x, τ+, τ−)}:

Lpref = −
∑

(x,τ+,τ−)∈Dpref

log σ
(

β
[
log πθ(τ

+ | x)− log πθ(τ
− | x)

])
.

(12)
Here, τ+ and τ− are selected from alternative
rollouts of the current model for the same ques-
tion, rather than from a fixed external preference
set. Stage 1 optimizes a weighted sum of Lgen-sft,
Ljudge, and Lpref , and repeats rollout collection
and updates until the controller reaches a stable
pre-RL regime.

3.4.2 Stage 2: Judge-Shaped GRPO
After cold start, Stage 2 optimizes the Genera-
tor with Judge-guided GRPO. The objective uses
Judge feedback to shape long-horizon reasoning,
so the Generator learns to use verification signals
across multi-step retrieval and answering rather
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than only optimizing final answer generation. For
each question, we sample a group of trajectories
from the current policy and assign each trajectory
a scalar reward

r(τi) = λemrem(τi) + λf1rf1(τi) + λfmtrfmt(τi)

+ λaccracc(τi)− λsevrsev(τi).
(13)

Here, rem and rf1 reward final answer quality,
rfmt output validity, racc terminal Judge accep-
tance, and rsev = ρ/10 penalizes more severe
failures. Acceptance provides a coarse ground-
ing signal, while severity ranks failed trajectories
within the same group.

Following prior GRPO practice, we further sup-
press uninformative updates when all sampled tra-
jectories in a group of size G are nearly indistin-
guishable:

g(x) = 1
[
Var({r(τi)}Gi=1) > ϵr

∨ Var({zi}Gi=1) > ϵz
]
,

(14)

where zi is the terminal Judge acceptance label
of trajectory τi. We then optimize L̃GRPO =
g(x)LGRPO. Judge shaping and the Stage 1 initial-
ization together stabilize long-horizon search opti-
mization; Appendix C.12 reports the corresponding
saturation and update diagnostics.

3.4.3 Stage 3: Retrieval Optimization for the
RCM

Finally, we freeze the Generator and Judge and op-
timize only the RCM. Stage 3 trains the RCM to
map the Judge’s localized diagnoses into retrieval-
state updates. It teaches clue selection, diagnosis-
conditioned query rewriting, state-aware evidence
ranking, and evidence packing or context replace-
ment under the fixed answer policy learned in
Stages 1–2.

First, a rewrite objective supervises refined query
generation:

Lrewrite = −
∑

log pη
(
q(1)⋆ | x, h, q(0),

u,D(0)
)
,

(15)

where q(1)⋆ is the refined query associated with a
successful trajectory.

Second, a ranking objective supervises evidence
selection:

Lrank = −
∑

log σ
(
αη(d

+ | x, h, u)
− αη(d

− | x, h, u)
)
.

(16)

Here, d+ is a positive passage appearing in ac-
cepted evidence and d− is a negative passage out-
side it. Stage 3 optimizes a weighted sum of
Lrewrite and Lrank. Its training examples come
from trajectories where Judge feedback exposes a
retrieval error and a later revision resolves it, so
positives and negatives are defined under the same
retrieval state.

4 Experiments

We evaluate VRR on seven benchmarks and use ex-
act match (EM) as the primary metric. The main pa-
per answers four questions: (1) Does VRR improve
over strong prompting and learned-search base-
lines? (2) Do the gains survive strict cost matching?
(3) Which training stages and controller modules
matter? (4) Is the Judge reliable enough to con-
trol both stopping and retrieval revision? Broader
transfer, significance, and mechanism analyses are
deferred to the appendix so that the main paper
stays centered on the core empirical claim.

4.1 Benchmarks and setup
We evaluate on Natural Questions, TriviaQA,
PopQA, HotpotQA FullWiki, 2WikiMultiHopQA,
MuSiQue, and Bamboogle (Kwiatkowski et al.,
2019; Joshi et al., 2017; Mallen et al., 2023; Yang
et al., 2018; Ho et al., 2020; Trivedi et al., 2022;
Press et al., 2023). VRR is trained only on a Hot-
potQA FullWiki subset; all remaining benchmarks
are cross-benchmark transfer tests. This asymmet-
ric setup aims to emphasize reusable search control
rather than benchmark-specific tuning or memo-
rization. Unless noted, we use Qwen2.5-7B (Qwen
Team, 2024) with LoRA adapters (Hu et al., 2022),
a fixed dense retriever, and the same Wikipedia
snapshot across all methods.

We compare against representative prompting
baselines (Direct inference, CoT, RAG, IRCoT,
Search-o1) and learned search baselines (R1-
style RL, Search-R1, R1-Searcher++, and RAG-
Gym) (Wei et al., 2022; Lewis et al., 2020; Trivedi
et al., 2023; Li et al., 2025; Guo et al., 2025; Jin
et al., 2025; Song et al., 2025b; Xiong et al., 2026).
We report a budget-aligned main comparison using
the same retrieval environment and round limits
for all methods, followed by a retrieval-call cap
sensitivity analysis for VRR and R1-Searcher++
under caps of 2, 4, 6, 8, and 10. Unless noted
otherwise, methods share the same wrapper, re-
triever index, decoding setup, and round limits, so
score differences primarily reflect controller quality
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Method Single-hop Multi-hop Avg.

NQ TriviaQA PopQA HotpotQA 2Wiki MuSiQue Bamboogle

Qwen2.5-7B-Instruct
Direct Inference 13.4±0.2 40.8±0.1 14.0±0.1 18.3±0.2 25.0±0.3 3.1±0.1 12.0±0.2 18.1±0.2
CoT (Wei et al., 2022) 4.8±0.1 18.5±0.2 5.4±0.1 9.2±0.2 11.1±0.1 2.2±0.1 23.2±0.3 10.6±0.2
IRCoT (Trivedi et al., 2023) 22.4±0.2 47.8±0.3 30.1±0.2 13.3±0.2 14.9±0.2 7.2±0.1 22.4±0.2 22.6±0.2
Search-o1 (Li et al., 2025) 15.1±0.2 44.3±0.2 13.1±0.1 18.7±0.2 17.6±0.2 5.8±0.3 29.6±0.3 20.6±0.2
RAG (Lewis et al., 2020) 34.9±0.1 58.5±0.2 39.2±0.2 29.9±0.3 23.5±0.2 5.8±0.1 20.8±0.2 30.4±0.2
R1-style RL (Guo et al., 2025) 27.0±0.2 53.7±0.3 19.9±0.2 23.7±0.2 29.2±0.3 7.2±0.1 29.3±0.2 27.1±0.2
Rejection Sampling 36.0±0.2 59.2±0.2 38.0±0.1 33.1±0.2 29.6±0.2 12.3±0.2 35.5±0.3 34.8±0.2
Search-R1 (Jin et al., 2025) 39.3±0.2 61.0±0.1 39.7±0.2 37.0±0.2 41.4±0.3 14.6±0.2 36.8±0.2 38.5±0.1
R1-Searcher++ (Song et al., 2025b) 40.4±0.2 62.3±0.2 40.4±0.2 43.5±0.2 42.3±0.1 17.5±0.1 41.4±0.2 41.0±0.2

VRR (ours) 43.7±0.1 62.5±0.2 44.4±0.1 48.5±0.1 48.0±0.1 25.0±0.1 44.9±0.2 45.2±0.1

Table 1: Main comparison on Qwen2.5-7B under the budget-aligned evaluation protocol. All values are EM.

rather than a stronger backend. Strict matched-cost
evaluation and implementation details are reported
in Appendix C.3, Appendix B.1, Appendix C.2,
Appendix B.2, and Appendix B.7. Additional base-
model, critic-based RAG, and larger-generator re-
sults are deferred to Appendix C.4–C.17.

4.2 Main results
Table 1 shows that VRR outperforms both prompt-
ing and learned-search baselines under the budget-
aligned protocol. Relative to R1-Searcher++, VRR
gains +4.2 EM on average (45.2 vs. 41.0), with
a much larger improvement on multi-hop datasets
(+5.4) than on single-hop datasets (+2.5). This
pattern supports the narrower retrieval-drift claim
targeted by VRR: when search must recover from
an early bridge-entity, disambiguation, or support-
selection error, verifier feedback can redirect re-
trieval instead of repeating the same flawed trajec-
tory.

The dataset-level pattern matches this interpre-
tation. VRR improves six of the seven bench-
marks and yields the largest gains on MuSiQue
(+7.5), 2Wiki (+5.7), HotpotQA (+5.0), and
PopQA (+4.0). The only near-tie is TriviaQA
(+0.2), where many questions are effectively an-
swerable once the relevant document is found and
therefore benefit less from multi-round retrieval
repair. Paired tests in Appendix C.7 show that all
datasets except TriviaQA are statistically signifi-
cant, and the overall and multi-hop averages are
significant as well. These results show that VRR
improves accuracy by using the available budget
more effectively.

4.3 Ablations and controlled analyses
4.3.1 Retrieval-call cap sensitivity
The budget-aligned comparison controls the re-
trieval environment and round limits; we further

Retrieval-call
cap

R1-Searcher++
Avg. EM

VRR
Avg. EM Improvement

2 38.4 44.0 +5.6
4 40.1 44.2 +4.1
6 40.2 44.3 +4.1
8 40.3 44.5 +4.2

10 40.3 44.6 +4.3

Table 2: Retrieval-call cap sensitivity. All values are
average EM under the same retriever and corpus. The
cap is an upper bound over retriever calls, including
revised retrieval triggered by the RCM.

test whether VRR uses a fixed retrieval budget more
effectively. Table 2 varies the retrieval-call cap
from 2 to 10 for VRR and R1-Searcher++ and re-
ports average EM over the same evaluation suite.
The cap is an upper bound on retriever invocations,
including both initial retrieval and RCM-triggered
revised retrieval, rather than a claim that every ques-
tion requires that many reasoning hops.

Under a tight cap of two calls, the two meth-
ods are close because there is limited room for
retrieval revision. As the cap increases, VRR uses
the additional retrieval opportunities more effec-
tively: R1-Searcher++ saturates around 40.1–40.3
from four to ten calls, while VRR improves from
44.0 to 44.6 over the same range. The default cap
of eight is a near-saturation operating point, since
increasing the cap from eight to ten only improves
VRR from 44.5 to 44.6 EM. The pattern supports
the main mechanism claim: diagnosis-conditioned
retrieval revision converts extra calls into higher-
yield evidence states rather than merely extending
the trajectory. A stricter matched-cost rerun that
also controls candidate passages, evidence tokens,
and total LLM calls is reported in Appendix C.3.

4.3.2 Stage-wise ablation

We report the full cumulative ablation (G0–G8) and
the corresponding stage-wise curve under the same
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Checkpoint EM ↑
G0: Stage 1a (SFT with LoRA) 30.7±0.1
G1: Stage 1b (+ cyclic DPO, length control) 33.9±0.2
G2: Stage 1c (+ positive regeneration + negative recon-
struction)

41.8±0.1

G3: Stage 2a (G2 + ungated GRPO) 41.2±0.2
G4: Stage 2b (G2 + judge-gated GRPO) 44.6±0.2
G5: Stage 3a (G4 + heuristic RCM) 46.6±0.2
G6: Stage 3b (G4 + LLM-grounded RCM) 48.5±0.1
G7: Ablation (no LoRA + RCM) 20.3±0.2
G8: Ablation (no LoRA) 22.1±0.2

Table 3: Complete cumulative stage-wise ablation on
HotpotQA FullWiki (G0–G8). G0–G2 correspond to
Stage 1, G3–G4 to Stage 2, G5–G6 to Stage 3, and G7–
G8 are no-LoRA controls.

RCM mode SF@k ↑ EMR ↑ Multi-hop EM ↑
Adapter off 0.63 0.56 36.9±0.2
TitleSelect 0.66 0.59 38.0±0.2
LLM-Rewrite 0.68 0.61 39.4±0.2
LLM-Rewrite-Grounded 0.71 0.65 41.6±0.2

Table 4: RCM rewrite-mode ablation under strict
matched-cost control. SF@k: supporting-fact recall
among retrieved evidence; EMR: evidence-mention rate
in final rationales.

frozen retriever and inference budget as Table 1.
Table 3 shows that the three training stages

contribute cumulatively, but for different reasons.
Stage 1 supplies the largest early jump (G0 →
G2: +11.1 EM) by stabilizing the search gram-
mar. Stage 2 shows that ungated GRPO slightly
hurts EM, whereas judge-gated GRPO recovers and
improves it (G3→ G4: +3.4). Stage 3 then adds
+3.9 EM (G4 → G6) with the Generator frozen,
isolating retrieval adaptation from answer-policy
improvement. A stage-wise visualization is pro-
vided in Appendix C.1.

The no-LoRA controls collapse to near-20 EM,
ruling out an inference-only explanation. Strict
matched attribution and structured-diagnosis con-
trols are deferred to Appendix C.8; together with
the recovery diagnostic in Appendix C.10, they
show that both reliable diagnosis and retrieval-state
adaptation are necessary.

4.3.3 Retrieval adaptation check
Because VRR’s central claim is about diagnosis-
conditioned retrieval updates, we additionally iso-
late how different RCM rewrite modes affect evi-
dence quality under the same matched-budget set-
ting.

Table 4 shows a consistent pattern. Stronger
rewrite control improves both retrieval-side support
metrics and downstream EM. Relative to generic
LLM rewrite, diagnosis-grounded rewrite adds
+2.2 EM and increases both SF@k and EMR, in-

Panel A: accept/revise quality and downstream impact

Setting
Accept

P ↑
Accept

R ↑
False

accept ↓
False

revise ↓
EM

(0–1) ↑
No strict gate 0.80 0.83 0.15 0.12 0.66
Strict gate 0.85 0.80 0.10 0.13 0.68
Final Judge 0.88 0.86 0.08 0.09 0.73

Panel B: grounding, calibration, and repair quality

Setting
Evidence-ID

validity ↑
Support

P ↑
Severity
ρ ↑

Query
utility ↑

No strict gate 0.82 0.79 0.45 0.71
Strict gate 0.93 0.88 0.63 0.83
Final Judge 0.98 0.98 0.75 0.89

Table 5: Judge reliability and calibration across Judge
variants. Higher acceptance precision/recall, evidence
grounding, severity calibration, query usefulness, and
normalized downstream EM (scaled to [0, 1]) are better;
lower false-accept and false-revise rates are better.

dicating that the gain is not merely from producing
more query text but from aligning retrieval updates
with Judge diagnoses. This directly supports the
mechanism claim that verification is most useful
when it changes what is retrieved next.

Detailed rewrite behavior, optimization diagnos-
tics, and supervision variants are deferred to Ap-
pendix C.13, Appendix C.11, and Appendix C.12.

4.4 Judge reliability

Because the Judge controls both stopping and re-
trieval revision, we include the core reliability
breakdown here and defer additional diagnostics
to Appendix C.9. Importantly, the reliability labels
in Table 5 are produced by an external post-hoc
verifier rather than by the deployed Judge itself.

Table 5 evaluates the Judge directly because
it controls both stopping and retrieval revision.
Strict gating improves acceptance precision and ev-
idence grounding relative to the raw learned Judge
(false accept 0.15 → 0.10; evidence-ID validity
0.82→ 0.93). Across the Qwen2.5-7B develop-
ment split, the one-way gate rewrites 11.6% of
raw learned accept predictions into revise. The
final Judge improves calibration and repair qual-
ity further (Spearman ρ = 0.75; query usefulness
= 0.89), which then leads to better downstream
EM. The table therefore distinguishes two prop-
erties that are often conflated in agentic QA: de-
cision quality (whether the current answer should
be accepted) and control quality (whether the re-
vision advice is useful for the next retrieval step).
Additional label construction details and recovery
diagnostics are deferred to Appendix C.9 and Ap-
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pendix C.10. Query Usefulness measures whether
the Judge’s suggested query helps retrieve at least
one supporting passage in the immediate next
round.

This pattern explains why the full controller out-
performs partial variants under matched budgets.
False accepts terminate search prematurely, while
vague revise decisions waste retrieval calls. The
final Judge reduces both failure modes, so verifi-
cation improves budget allocation rather than only
post-hoc filtering.

4.5 Experimental Takeaways

VRR gains most on multi-hop benchmarks, uses
additional retrieval calls more effectively, and re-
tains its advantage under matched-cost controls.
The ablations further show that verification helps
chiefly when the RCM converts Judge diagnoses
into retrieval-state updates; filtering-only, adapter-
only, and standard-reranker variants recover only
part of the full-loop gain.

5 Conclusion

We introduced VRR, a verification-guided retrieval
revision framework for multi-step RAG. VRR
learns a Judge-to-RCM interface that converts lo-
calized verification diagnoses into retrieval-state
updates such as clue selection, query rewriting, ev-
idence ranking, and context replacement. Across
seven open-domain QA benchmarks with a fixed re-
triever, corpus, and budget, VRR improves average
EM, with the largest gains on retrieval-intensive
multi-hop questions. Retrieval-call analysis and ab-
lations show that these gains come from using veri-
fication to revise retrieval, not simply from adding
more search steps, evidence, or reranking. The re-
sults also clarify when this interface matters most:
after early search finds plausible but incomplete
evidence, such as a wrong bridge entity, missing
relation constraint, or scattered support. In this
regime, verification should not merely reject an-
swers; it should specify the next retrieval repair,
giving future multi-step RAG controllers a compact
design principle. More broadly, verifiers should ex-
pose retrieval-facing updates rather than only scalar
confidence or accept/revise decisions.

6 Limitations

Judge-induced errors. VRR relies on Judge di-
agnostics to decide when and how to revise re-
trieval. Incorrect verdicts or localized diagnoses

may lead to suboptimal retrieval actions. Staged
training, strict support gates, and constrained RCM
actions reduce this risk, while Judge calibration
remains an important factor for robust deployment.

Retriever and corpus scope. The main con-
trolled evaluation uses e5-base and Wikipedia-style
open-domain QA to isolate controller effects. Ap-
pendix C.18 adds focused checks showing that 8B-
parameter VRR remains competitive with stronger
conventional RAG generators and remains effec-
tive with BM25 retrieval and Google Search. These
checks reduce, but do not eliminate, scope lim-
itations: they cover only HotpotQA and 2Wiki,
and they are not an exhaustive cross-model, cross-
retriever, live-web, or domain-specific evaluation.

Deployment cost. VRR introduces additional in-
ternal calls compared with single-pass RAG. Prac-
tical latency depends on adapter serving, batching,
caching repeated retrieval results, early stopping
when the Judge verifies sufficient evidence, and
enforcing retrieval-call caps. The matched-cost ap-
pendix accounts for Generator, Judge, and RCM
calls together, while deployment-specific engineer-
ing can further reduce latency.
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Appendix roadmap. The appendix is organized
into five sections that follow the empirical pipeline.
Appendix A (Deferred Motivation and Evalua-
tion Framing) expands the motivation, hypothe-
ses, and broader-impact discussion. Appendix B
(Additional Experimental Details) records proto-
col choices, optimization objectives, hyperparame-
ters, retrieval/indexing setup, and resource/license
details needed for reproducibility. Appendix C
(Additional Results and Ablations) collects the
deferred quantitative evidence, including budget-
accounted comparisons, matched-cost transfer, sig-
nificance tests, attribution controls, Judge reliabil-
ity, retrieval-recovery diagnostics, base-model and
IKEA (Reinforced Internal–External Knowledge
Synergistic Reasoning Agent) comparisons, larger-
model and retrieval-source robustness checks, and
mechanism analyses. Appendix D provides quali-
tative trajectory-level case studies, and Appendix E
gives prompt templates, inference protocols, and
reproducibility-oriented implementation notes.

A Deferred Motivation and Evaluation
Framing

A.1 Why Verification-Conditioned Retrieval
Revision Helps

VRR improves retrieval-augmented reasoning in
three complementary ways. First, the Generator
turns reasoning into explicit search behavior, allow-
ing the model to decide what evidence should be
acquired next. Second, the Judge converts verifi-
cation into both a stopping signal and a structured
revision signal, while also providing a finer-grained
severity estimate for RL. Third, the RCM turns
that signal into retriever-facing behavior rather
than leaving retrieval repair implicit or heuristic.
Together, these components transform retrieval-
augmented QA from a loosely coupled retrieve-
then-read pipeline into a closed-loop search sys-
tem built around an explicit verifier-conditioned
retrieval framework.

A.2 Hypotheses and evaluation philosophy

Rather than evaluating the full pipeline as a mono-
lithic recipe, we test whether each training stage
resolves the specific failure mode it is designed to
address. Our experiments are therefore organized
around three falsifiable hypotheses: H1 (distribu-
tion shift) states that cyclic LoRA-DPO (Rafailov
et al., 2023) with explicit length control, together

with answer-conditioned positive regeneration and
negative reconstruction, reduces the mismatch be-
tween training trajectories and test-time agentic
inference; H2 (optimization under saturation)
states that judge-gated GRPO (Shao et al., 2024)
mitigates advantage degeneration in saturated tra-
jectories (e.g., all-correct or all-wrong episodes),
leading to more effective policy updates and more
stable long-horizon optimization; and H3 (re-
trieval noise mismatch) states that once reasoning
and verification are sufficiently strong, a learned
retrieval adapter provides more stable gains than
heuristic denoising alone, especially under the
noise introduced by FullWiki retrieval.

A.3 Broader Impact, Risks, and Misuse

VRR is proposed as a research controller for open-
domain QA rather than a deployment-ready val-
idator. We evaluate it in a bounded offline setting
with public benchmarks, a fixed 2018 Wikipedia
snapshot, and a frozen retriever, so the results
should be interpreted as evidence about verification-
conditioned retrieval control under controlled as-
sumptions. Important risks remain: judge mis-
calibration, schema brittleness, retrieval drift, and
added latency/compute can still produce confident
but weakly supported answers. To reduce over-
claiming, we enforce strict post-judge gating, re-
port matched-cost metrics, and include separate
judge-reliability analysis; we do not claim suit-
ability for medical, legal, financial, or other high-
stakes settings without domain constraints and hu-
man oversight.

B Additional Experimental Details

All experiments were conducted on a server with 8
NVIDIA A100 GPUs.

B.1 Benchmark protocol rationale and
fairness controls

The VRR-only training setup (a subset of Hot-
potQA FullWiki, transfer elsewhere, and no NQ
supervision) is intentional. It avoids per-benchmark
adaptation and makes gains easier to attribute to
reusable verification-guided retrieval control rather
than to dataset-specific heuristics or annotation ar-
tifacts. Under this setup, improvements on transfer
benchmarks are interpreted as cross-dataset gen-
eralization of the controller, and negative transfer
is easier to detect. For context, several released
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non-VRR training baselines were originally trained
on the full HotpotQA and NQ training sets; we
evaluate those checkpoints as released under the
same inference-time fairness controls.

We use two complementary evaluation proto-
cols. In the budget-aligned protocol used for main-
table comparison, all retrieval-based methods share
the same frozen retriever, 2018 Wikipedia snap-
shot, maximum search-round budget, candidate-
pool cap, and observation budget under a common
inference wrapper; methods may still follow their
own controller policies. We additionally report a
stricter matched-cost rerun in which VRR and the
strongest prior baseline are forced to use identical
hard controller caps. Reporting both is critical: bud-
get alignment rules out gains from stronger retrieval
backends, while matched-cost reruns further rule
out gains from extra search opportunities. Together
they isolate the contribution of verification-guided
retrieval revision itself.

B.2 Additional experiment details: checkpoint
selection beyond subset monitoring

During GRPO training, we monitored intermediate
checkpoints on a small monitoring subset carved
from the HotpotQA FullWiki training split for effi-
ciency, but we did not select the final model solely
based on subset fluctuations. This monitoring sub-
set is disjoint from the optimization portion of the
training split and also disjoint from the official
held-out evaluation split used in the paper. Fig-
ure 3 shows that on the monitoring subset, the gap
between intermediate checkpoints such as iter3
and later checkpoints such as iter13 is relatively
small. If interpreted in isolation, this could suggest
that training has largely saturated after the early
iterations.

However, evaluation on the full held-out training-
monitor split reveals a different picture. Measured
on that full monitor split, the model improves from
approximately 0.41 EM before GRPO to 0.43 EM
at iter3, and further to 0.45 EM at iter13. This
shows that later training continues to yield non-
trivial gains even when the smaller monitoring sub-
set appears nearly flat. A plausible explanation is
that the additional improvements are concentrated
on long-tail examples that are under-represented in
the smaller subset and therefore difficult to detect
reliably from subset-only monitoring.

For this reason, we selected iter13 as the fi-
nal checkpoint based on the full held-out training-

monitor split together with the early-stopping rule,
rather than according to short-term subset variation.
We do not use the official evaluation split or any
cross-benchmark transfer set for checkpoint selec-
tion. This choice is also consistent with our cross-
dataset results: the advantage of the later check-
point becomes more pronounced when transferred
to other benchmarks, suggesting that the extra train-
ing improves not only in-domain fit but also the
robustness of the learned search-and-verification
policy.

Overall, this analysis highlights an important
practical point for agentic RL training: inexpen-
sive subset monitoring is useful for diagnosing op-
timization trends, but final checkpoint selection
should rely on a clean held-out development split
rather than on any final evaluation benchmark, es-
pecially when improvements may come from rare
or compositionally difficult examples.

B.3 Standard Optimization Objectives
Deferred from Section 3

SFT. The supervised stage uses chat-style instruc-
tion tuning with training examples of the form
{"messages": [...]}. Loss is computed only
on assistant target tokens, while prompt tokens are
masked out. Across all stages, we use LoRA (Hu
et al., 2022) with default settings r = 16, α =
32, dropout = 0.05, and target modules q_proj,
k_proj, v_proj, o_proj, gate_proj, up_proj,
and down_proj.

Cyclic DPO. To reduce train–test mismatch, we
perform iterative DPO (Rafailov et al., 2023) on
rollouts collected from the current policy. Gener-
ator preference pairs are constructed from failed
trajectories or suboptimal search/answer decisions,
while Judge preference pairs are constructed from
accept/revise behavior and the quality of retrieval
repair. The objective is

LDPO = − log σ(β [∆θ −∆ref ]) ,

∆θ = log πθ(y
+ | x)

− log πθ(y
− | x),

∆ref = log πref(y
+ | x)

− log πref(y
− | x).

We additionally apply length filtering to reduce
length-distribution mismatch between training and
inference.

GRPO. The reinforcement stage uses grouped
policy optimization in the style of GRPO (Shao
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Figure 3: Side-by-side GRPO training timelines. Left: GRPO without judge, where the reward uses λem = 0.8
and λfmt = 0.2. Right (Figure 3): judge-gated GRPO timeline of Qwen2.5-7B used for efficient subset-based
monitoring during training. Although intermediate checkpoints such as iter3 and iter13 appear close on the
smaller monitoring subset, evaluation on the full held-out training-monitor split shows continued gains at later
iterations; therefore, final checkpoint selection is based on that held-out split and the early-stopping rule rather than
subset fluctuation alone.

et al., 2024) with step-wise rewards and KL regu-
larization. To keep the appendix notation aligned
with Eq. (13), we write the Judge contribution as

rjudge = λacc · judge_accept
− λsev · judge_sev_norm,

where judge_sev_norm is computed from the
Judge JSON output as severity/10, and severity
is an integer in [0,10]. The base quality term is

rbase = λem · EM+ λf1 · F1 + λfmt · FMT

+ rjudge,

The query and answer rewards are then

rquery = rbase − qlen_pen,

ranswer = rbase − ans_len_pen.

In implementation, these correspond to the logged
quantities reward_query and reward_answer.
Advantages are normalized within groups of K
candidates, with a fallback to global normalization
when the within-group variance becomes too small.
The training loss is

LGRPO = −
G∑

i=1

∑

t

Ai log πθ(ai,t | si,t)

+ βKLKL(πθ ∥πref),
(17)

where the normalized group-relative advantage is

Ai =
r(τi)− 1

G

∑G
j=1 r(τj)

Std({r(τj)}Gj=1) + ϵ
. (18)

B.4 Additional theoretical properties of VRR

We record three simple properties of the deployed
controller. These statements are intentionally mod-
est: they are not end-to-end convergence theorems,

but they make precise why strict gating, informative
repair, and severity shaping are each useful under
lightweight assumptions that match the deployed
system.

Setup. At round t, let z̃t denote the raw learned
Judge verdict and let zt denote the deployed verdict
after deterministic gating. Let At be the event that
the current answer is both correct and supported,
and let St be the event that the next retrieval pool
contains at least one support-bearing passage. For
reward shaping, let et ≥ 0 denote a latent error
magnitude for failed trajectories and let ρ̄t ∈ [0, 1]
be the normalized Judge severity used in Section 3.

Proposition B.1 (Strict gating weakly improves ac-
cept precision). Let z̃t ∈ {0, 1} be the raw learned
Judge verdict and let zt = z̃t ·ctype ·centity ·csupport
be the deployed verdict from Eq. (7). Let At denote
the event that ŷt is both correct and supported by
the current evidence pack. Then

Pr[zt = 1,¬At] ≤ Pr[z̃t = 1,¬At].

Moreover, if every supported correct answer sat-
isfies the three deterministic constraints, then
Pr[zt = 1, At] = Pr[z̃t = 1, At].

Proof. By construction, zt = 1 implies z̃t = 1,
so the event {zt = 1,¬At} is a subset of {z̃t =
1,¬At}. This yields the first inequality immedi-
ately. For the second claim, if At implies that all
three constraints hold, then on the event At we
have zt = z̃t, so the accepted-supported mass is
unchanged.

Corollary B.2 (Precision cannot decrease under
perfect supported positives). Under the assump-
tions of Proposition B.1, if Pr[z̃t = 1] > 0 and
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every accepted-supported positive satisfies the de-
terministic gate, then

Pr[At | zt = 1] ≥ Pr[At | z̃t = 1].

Proof. Proposition B.1 shows that gating weakly
decreases the numerator of the false-accept term
Pr[zt = 1,¬At] while preserving the accepted-
supported mass Pr[zt = 1, At]. Therefore the ratio
of supported accepts to total accepts cannot de-
crease.

Proposition B.3 (Informative revision raises sup-
port-hit probability). Suppose the unguided query
policy induces support-hit odds ω0 = Pr[St]/(1−
Pr[St]). If a Judge-derived instruction ut changes
the next-round query distribution so that the revised
odds satisfy ω(ut) ≥ λω0 for some λ > 1, then

Pr[St | ut] ≥
λPr[St]

1− Pr[St] + λPr[St]
> Pr[St].

Proof. The identity Pr[S] = ω/(1+ω) converts an
odds statement into a probability statement. Plug-
ging in ω(ut) ≥ λω0 gives

Pr[St | ut] ≥
λω0

1 + λω0
=

λPr[St]

1− Pr[St] + λPr[St]
.

Because λ > 1, the right-hand side is strictly larger
than Pr[St].

Proposition B.4 (Severity shaping restores rank-
ing among failed trajectories). Consider two failed
trajectories i and j with the same base reward
rbase but latent error levels ei > ej . Suppose the
normalized Judge severity is an affine noisy proxy
ρ̄k = aek + ξk with a > 0, and the shaped reward
is rk = rbase − λsevρ̄k. If |ξi − ξj | < a(ei − ej),
then ri < rj . In particular, any group containing
two such trajectories has non-zero within-group
reward variance.

Proof. Subtracting the two rewards gives

ri − rj = −λsev

(
a(ei − ej) + (ξi − ξj)

)
.

Because λsev > 0, it suffices to show that the term
in parentheses is positive. The assumption |ξi −
ξj | < a(ei − ej) implies

a(ei−ej)+(ξi−ξj) ≥ a(ei−ej)−|ξi−ξj | > 0.

Hence ri − rj < 0, so ri < rj . Therefore any
group containing both trajectories has at least two
distinct reward values, which implies strictly posi-
tive within-group sample variance.

Interpretation and scope. These propositions
explain three different parts of the empirical story
rather than serving as a single unified theorem.
Proposition B.1 and Corollary B.2 formalize why
the deployed Judge should be more conservative
than the raw learned Judge: deterministic support
constraints can only remove unsupported accepts,
which is exactly the behavior reflected in the relia-
bility tables. Proposition B.3 isolates the retrieval
side: once Judge feedback changes the odds of re-
trieving at least one support-bearing passage, even
a modest multiplicative improvement in odds pro-
duces a monotone gain in support-hit probability.
Proposition B.4 addresses the optimization side
by showing that a severity signal restores reward
separation among failed trajectories whenever the
severity noise is smaller than the latent gap between
them.

Scope of the formalization. The assumptions
characterize local controller behavior and abstract
away cross-round interactions, context truncation,
and generator adaptation after evidence packing.
Accordingly, Proposition B.3 addresses odds im-
provement, and Proposition B.4 addresses relative
ordering within a sampled group. The theory is
diagnostic: it explains why the three controller
choices are effective under these conditions, which
is the level of explanation supported by the ap-
pendix experiments.

B.5 Representative hyperparameters

To keep all experiment-facing setup in one place,
we move this subsection from Appendix D.5 into
Appendix A (Additional Experimental Details).

Generator DPO. max_length=8192, β = 0.1,
learning rate 5 × 10−6, one epoch, global batch
size 8.

Judge DPO. max_length=4096, β = 0.1, learn-
ing rate 5 × 10−6, one epoch, global batch size
16.

GRPO. A representative run uses λem = 0.8,
λf1 = 0.2, λfmt = 0.2, λacc = 0.2, λsev =
0.1, kl_coef=0.03, ϵr = 0.02, ϵz = 0.03,
max_len=8192, learning rate 2× 10−6, one epoch,
global batch size 24, gradient accumulation = 2,
maximum optimization steps = 200, and group
size K = 8.
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B.6 Multi-seed stability and significance
protocol

To verify that the reported gains reflect a stable
system rather than a single favorable run, we re-
run the Qwen2.5-7B main comparison and the key
attribution controls over multiple random seeds un-
der the same training and inference settings, and
report mean±std EM. We also perform paired sig-
nificance testing against the strongest baseline on
each benchmark using example-level predictions
under the matched-budget setting.

B.7 Retrieval and indexing

This subsection contains the detailed version of
Section 4.1 (Benchmarks and setup), focusing
on retrieval and indexing. To ensure comparability
with Search-R1 (Jin et al., 2025), our retrieval envi-
ronment follows the same core setup used in that
line of work.

We retrieve from a fixed Wikipedia corpus using
a frozen dense retriever. Unless otherwise speci-
fied, we use an e5-base dense retriever over the
Full Wikipedia dump (2018 snapshot) with FAISS-
based dense indexing, following DPR-style dense
retrieval practice (Karpukhin et al., 2020; Johnson
et al., 2017).

The retriever remains frozen throughout training
and inference, and this configuration is kept fixed
across training stages and evaluation benchmarks
to avoid confounding improvements from index
or corpus changes. Therefore, performance gains
are attributable to search-time control (Generator–
Judge–RCM), evidence verification, and retriever-
facing adaptation policies, rather than retriever fine-
tuning.

Comparisons to Search-R1 and other retrieval-
based baselines are thus made under a matched
retrieval backbone and corpus setting. Conse-
quently, reported #Ret values are reproduction
costs measured inside our unified e5-base/2018-
Wikipedia wrapper. They should not be directly
compared to retrieval-call numbers from original
papers that use different environments, such as
ReARTeR/FlashRAG, KILT 2019 Wikipedia, 100-
word titled passages, or BGE-large-en-v1.5 re-
trieval.

For retrieval-based training baselines, we addi-
tionally align the evaluation-time controller caps:
the same maximum round budget, candidate-pool
cap, and observation budget are used for all meth-
ods. When a released checkpoint is used instead of

a full retraining pipeline, we evaluate it under the
same inference wrapper and report its natural-run
cost separately. This is why the main paper uses
the term budget-aligned protocol, while reserving
strict matched-cost rerun for the explicitly capped
comparisons in Appendix C.2.

B.8 External Resources, Dataset Usage, and
Licenses

This work uses only publicly released benchmarks,
corpora, model checkpoints, and software. Table 6
summarizes the external resources that materially
affect training, evaluation, or retrieval, together
with how they are used in this paper and the pub-
lic license or release terms reported by the orig-
inal source. We use HotpotQA for training and
use the other QA benchmarks only for evaluation.
We do not redistribute third-party data, corpora, or
model weights as part of this paper; they should
be obtained from their original releases under their
respective terms.

C Additional Results and Ablations

C.1 Extended stage-wise decomposition

The complete G0–G8 values remain in the main
paper (Table 3); Figure 4 provides a complementary
visualization of the cumulative trajectory.

Here we record two implementation notes. First,
we keep a cumulative design instead of leave-one-
out because the three stages are trained sequen-
tially; removing later stages while retaining down-
stream settings introduces training-order artifacts.
Second, the no-LoRA controls (G7/G8) are use-
ful negative checks: their large drop confirms that
the final gains require role-specialized adaptation
rather than inference-time heuristics alone.

C.2 Budget-accounted comparison and strict
matched rerun

Equal round limits do not guarantee equal inference
cost in agentic QA, because methods differ in re-
triever fan-out, evidence packing, and the number
of LLM calls they make per episode. We there-
fore report a unified cost vector for each method:
retriever invocations (#Ret), total candidate pas-
sages before packing (#Cand), total evidence to-
kens passed into the model stack (EvTok), total
LLM calls (#LLM), and wall-clock latency. The
strict matched-cost setting counts Generator, Judge,
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Resource name Type Use in this work Usage scope License / notes

HotpotQA FullWiki Dataset Primary supervised train-
ing source; also used for
in-domain evaluation.

Train on a sub-
set; evaluate in
FullWiki mode.

Public benchmark release; CC BY-SA 4.0.

Natural Questions
(Open)

Dataset Cross-benchmark transfer
evaluation.

Evaluation only. Public benchmark release; Apache-2.0.

TriviaQA Dataset Cross-benchmark transfer
evaluation.

Evaluation only. Public release associated with the official
repo; Apache-2.0. The project page notes
that the questions and documents originate
from third-party sources.

PopQA Dataset Cross-benchmark transfer
evaluation.

Evaluation only. Public release in the official repository;
MIT.

2WikiMultiHopQA Dataset Cross-benchmark multi-
hop transfer evaluation.

Evaluation only. Public benchmark release; Apache-2.0.

MuSiQue Dataset Cross-benchmark multi-
hop transfer evaluation.

Evaluation only. Public benchmark release; CC BY 4.0.
The dataset card also warns about possible
overlap with seed single-hop datasets if
those are used elsewhere.

Bamboogle Dataset Cross-benchmark compo-
sitional transfer evalua-
tion.

Evaluation only. Public release in the authors’ repository;
MIT.

Wikipedia (2018
snapshot; text pas-
sages)

Corpus Fixed retrieval corpus
shared across training and
evaluation.

Retrieval only;
kept frozen for
all methods.

Wikipedia text is publicly reusable under
CC BY-SA 4.0 (with GFDL co-licensing
on Wikimedia). We use a fixed snapshot
to control retrieval variance.

intfloat/e5-base Model Frozen dense retriever
backbone.

Retrieval and in-
dexing only; no
finetuning.

MIT model release.

Qwen2.5-7B-Instruct Model Main backbone for Gen-
erator, Judge, and RCM.

Training and
main evaluation.

Apache-2.0 model release.

Qwen2.5-3B Model Smaller-model transfer
check in the appendix.

Evaluation with
the same frame-
work.

Apache-2.0 model release.

Llama 3.1-8B Model Cross-model transfer
check in the appendix.

Evaluation with
the same frame-
work.

Released under the Llama 3.1 Commu-
nity License rather than a standard OSS
license.

Qwen3-8B Model Additional cross-model
transfer check in the ap-
pendix.

Evaluation with
the same frame-
work.

Apache-2.0 model release.

FAISS Software Dense-index construction
and nearest-neighbor
search.

Indexing / re-
trieval infrastruc-
ture only.

MIT.

Table 6: External resources used in this work, their role, and the public license or release terms reported by the
corresponding source.
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Figure 4: Stage-wise view of the cumulative check-
points (G0–G6). Stage 1 gives the largest jump, judge-
gated RL repairs the Stage 2 dip, and Stage 3 adds steady
retrieval-side gains.

and RCM calls together in the total LLM-call bud-
get. Retriever calls include both initial retrieval

and revised retrieval triggered by the RCM. The
evidence-token budget includes the packed context
after RCM revision. In addition to the natural-
budget run, we include one strict matched rerun
with identical hard caps on retriever calls, candi-
date passages, evidence-token budget, and total
LLM calls. Under matched retrieval and LLM-call
budgets, VRR improves answer accuracy by using
the available budget more effectively. The realized
average #Ret values in this section are measured un-
der our unified retrieval wrapper and should not be
read as re-reporting the original papers’ backend-
specific cost statistics.

For completeness, Table 8 extends the same ac-
counting template to all seven benchmarks from
the main table. To keep the appendix readable,
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Method EM@nat ↑ #Ret #Cand EvTok #LLM Lat. (s) ↓ EM@match ↑
Direct Inference 18.3±0.2 0.0 0 0 1.0 1.0 18.3±0.2
CoT (Wei et al., 2022) 9.2±0.1 0.0 0 0 1.0 1.6 9.2±0.1
IRCoT (Trivedi et al., 2023) 13.3±0.2 4.0 20 1540 5.0 8.1 13.0±0.2
Search-o1 (Li et al., 2025) 18.7±0.2 5.3 27 1890 5.8 9.8 18.1±0.2
RAG (Lewis et al., 2020) 29.9±0.2 1.0 5 640 1.0 1.9 29.8±0.2
R1-style RL (Guo et al., 2025) 23.7±0.2 0.0 0 0 1.0 2.3 23.7±0.2
Rejection Sampling 33.1±0.2 0.0 0 0 8.0 9.1 32.6±0.2
Search-R1 (Jin et al., 2025) 37.0±0.2 6.8 34 2140 5.9 10.6 36.4±0.2
R1-Searcher++ (Song et al., 2025b) 43.5±0.2 7.6 38 2375 7.0 13.4 43.7±0.2
VRR (ours) 48.5±0.1 7.8 39 2360 7.8 14.1 47.6±0.2

Table 7: Unified budget accounting on HotpotQA FullWiki (Qwen2.5-7B). EM@nat uses each method’s default
controller. EM@match is a strict matched rerun with identical caps of 8 retrieval calls, 40 candidate passages, 2400
evidence tokens, and 8 total LLM calls.

Dataset Method #Ret #Cand EvTok #LLM Lat.

NQ R1-Searcher++ 3.4 17 1320 3.9 6.4
VRR 3.6 18 1355 4.2 6.8

TriviaQA R1-Searcher++ 3.6 18 1410 4.1 6.9
VRR 3.8 19 1450 4.4 7.2

PopQA R1-Searcher++ 3.1 16 1260 3.6 5.8
VRR 3.3 17 1310 3.9 6.1

HotpotQA R1-Searcher++ 7.6 38 2375 7.0 13.4
VRR 7.8 39 2360 7.8 14.1

2Wiki R1-Searcher++ 7.1 36 2280 6.7 12.8
VRR 7.5 38 2345 7.4 13.6

MuSiQue R1-Searcher++ 7.4 37 2330 6.9 13.1
VRR 7.7 39 2390 7.6 13.9

Bamboogle R1-Searcher++ 6.9 34 2210 6.4 12.0
VRR 7.2 36 2275 7.0 12.7

Table 8: Cross-benchmark budget accounting for the
two strongest search systems from the main comparison.

Method Single-hop Avg. Multi-hop Avg. Avg.

R1-Searcher++ 47.2±0.2 35.8±0.2 40.7±0.2
VRR (ours) 49.2±0.2 40.7±0.2 44.3±0.2
∆EM +2.0 +4.9 +3.6

Table 9: Strict matched-cost summary under identical
controller budgets. Full per-dataset gains are unpacked
in Table 10.

we summarize the two strongest search systems
here: the strongest prior baseline and the proposed
method. This cost block should be read in two
steps. Table 7 asks the narrow fairness question on
the HotpotQA setting used for stage-wise training
analysis: does the gain persist when the controller
is capped by the same hard budget? Tables 8–10
then ask the transfer version of the same question
across benchmarks. The point is therefore not to
enumerate costs for their own sake, but to separate
“better search control” from “simply spending more
search budget.”

C.3 Transfer robustness under matched-cost
control

The strict matched rerun in Table 9 answers the
fairness question at the dataset level, but the aggre-

Dataset ∆EM@nat ∆EM@match
Gain

retention
∆Latency

(s)

NQ +3.3 +3.1 0.94 +0.4
TriviaQA +0.2 -0.8 — +0.3
PopQA +4.0 +3.7 0.93 +0.3
HotpotQA +5.0 +3.9 0.78 +0.7
2Wiki +5.7 +5.3 0.93 +0.8
MuSiQue +7.5 +6.9 0.92 +0.8
Bamboogle +3.5 +3.4 0.97 +0.7

Multi-hop avg. +5.4 +4.9 0.91 +0.8
All-benchmark avg. +4.2 +3.6 0.86 +0.6

Table 10: Per-dataset retention of VRR’s gain under
strict matched-cost control, relative to R1-Searcher++.
Retention is omitted for TriviaQA because the natural-
run margin is too close to zero to make the ratio mean-
ingful.

gate average can still hide where the gains survive
or weaken. Table 10 therefore reports four derived
quantities relative to R1-Searcher++: the natural
run gain, the matched-cost gain, the gain-retention
ratio (∆match/∆nat), and the extra wall-clock la-
tency from Table 8. This makes the transfer pattern
easier to interpret benchmark by benchmark.

Two patterns stand out. First, the multi-hop gains
are not only larger in the natural run, but also much
more stable under hard cost caps: six of the seven
benchmarks remain positive, and the four multi-
hop datasets retain about 91% of their natural-run
margin on average. Second, the only benchmark
whose advantage disappears under the matched cap
is TriviaQA, where the natural-run gain is already
only +0.2 EM. This suggests that the matched-cost
rerun is not overturning the main story; instead, it
mainly trims the smallest and most ceiling-sensitive
single-hop margin while preserving the retrieval-
centric gains that motivate VRR.

C.4 Critic-based and verification-based RAG
comparisons

To position VRR relative to representative
verification-based RAG methods, we reproduce
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Method NQ TriviaQA HotpotQA 2Wiki

RAG-Critic 22.0 53.0 37.0 25.0
VRR 43.7 62.5 48.5 48.0

∆ +21.7 +9.5 +11.5 +23.0

Table 11: Comparison with RAG-Critic under the
Qwen2.5-7B setting. Values are EM.

Setting HotpotQA 2Wiki

Vanilla Qwen3-32B agent 38.2 37.6
Qwen3-32B + 8B RCMAgent 40.1 41.3

∆ +1.9 +3.7

Table 12: Larger-generator applicability. Values are
EM.

RAG-Critic and CoV-RAG comparisons under the
same Qwen2.5-7B setting when applicable. These
comparisons are included for mechanism position-
ing: RAG-Critic and CoV-RAG show the value of
critique or verification for RAG, while VRR fo-
cuses on diagnosis-conditioned retrieval-state revi-
sion through the learned Judge-to-RCM interface.

VRR outperforms RAG-Critic by +21.7 EM on
NQ, +9.5 on TriviaQA, +11.5 on HotpotQA, and
+23.0 on 2Wiki. The gains are especially clear
on multi-hop datasets, supporting the effectiveness
of diagnosis-conditioned retrieval revision. In the
CoV-RAG comparison, CoV-RAG with Qwen2.5-
7B obtains 30.7 EM on HotpotQA, while VRR
obtains 48.5 EM. This comparison further supports
the role of converting verification feedback into
retrieval repairs rather than using critique only as
an answer-level signal.

C.5 Larger-generator applicability

We also test whether retrieval revision remains
useful when the answer generator is substantially
stronger. A vanilla Qwen3-32B (Qwen Team,
2025) agent without finetuning obtains 38.2 EM
on HotpotQA and 37.6 EM on 2Wiki. Pairing the
same 32B generator with the 8B RCMAgent im-
proves performance to 40.1 EM on HotpotQA and
41.3 EM on 2Wiki.

Adding the 8B RCMAgent improves the 32B
vanilla agent by +1.9 EM on HotpotQA and +3.7
EM on 2Wiki. Larger generators improve reason-
ing and answer generation, while VRR improves
retrieval-state revision. The result indicates that re-
trieval drift remains a meaningful bottleneck even
with a stronger generator and that VRR is comple-
mentary to model scaling.

C.6 Deployment-oriented cost details

Our implementation uses a shared base model
with role-specific LoRA adapters for the Genera-
tor, Judge, and RCM. Deployment can use adapter
switching on a shared worker or separate workers
for higher throughput. The Judge and RCM calls
are short and can be batched across questions; re-
peated retrieval results can be cached; and early
stopping terminates the loop once the Judge ver-
ifies sufficient evidence. Retrieval-call caps are
enforced as hard upper bounds so that initial and
revised retrieval remain within the same budget
accounting framework.

C.7 Paired significance tests for the main
comparisons

The main empirical claim is a +4.2 EM budget-
aligned gain and a +3.6 EM strict matched-cost
gain over the strongest prior baseline, so we re-
port explicit paired significance tests against R1-
Searcher++ for both Table 1 and Table 9. For
each dataset, we compare seed-matched predic-
tions on the same evaluation examples and report
the observed ∆EM, a two-sided paired p-value,
and a 95% paired bootstrap confidence interval.
The single-hop, multi-hop, and all-benchmark av-
erages are tested with the same aggregation rule
used in the corresponding main-table average. All
inferential-statistics columns reported below are
finalized from the completed reruns.

Recommended reporting rule. We recommend
using the paired test as the primary decision rule
and the bootstrap interval as the effect-size sum-
mary. This keeps the appendix focused on the exact
statistical claim tested in the main paper: whether
VRR’s gain over the strongest baseline is statisti-
cally reliable at the dataset level and for the aggre-
gated headline averages.

The finalized budget-aligned significance table
confirms the expected trend: TriviaQA remains
non-significant, while all other datasets and all
summary averages are statistically significant with
positive confidence intervals.

Under hard matched cost, the final inferential
pattern is consistent with the budget-aligned result:
only TriviaQA remains non-significant, while the
overall average and all multi-hop datasets retain
statistically significant gains.
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Dataset ∆EM (VRR – R1-Searcher++) paired p-value 95% bootstrap CI for ∆EM Sig.?

NQ +3.3 0.018 [0.7, 5.9] Yes
TriviaQA +0.2 0.742 [-1.4, 1.8] No
PopQA +4.0 0.009 [1.2, 6.8] Yes
HotpotQA +5.0 0.006 [1.8, 8.1] Yes
2Wiki +5.7 0.004 [2.1, 9.2] Yes
MuSiQue +7.5 0.002 [3.4, 11.6] Yes
Bamboogle +3.5 0.015 [0.8, 6.1] Yes

Single-hop avg. +2.5 0.028 [0.3, 4.7] Yes
Multi-hop avg. +5.4 0.005 [2.0, 8.8] Yes
All-benchmark avg. +4.2 0.008 [1.3, 7.0] Yes

Table 13: Paired significance analysis for the budget-aligned main comparison in Table 1, using R1-Searcher++ as
the reference baseline. Positive ∆EM favors VRR. TriviaQA is not statistically significant, while all other datasets
and summary averages are significant.

Dataset ∆EM@match (VRR – R1-Searcher++) paired p-value 95% bootstrap CI for ∆EM@match Sig.?

NQ +3.1 0.021 [0.5, 5.8] Yes
TriviaQA -0.8 0.610 [-3.5, 1.9] No
PopQA +3.7 0.008 [1.0, 6.4] Yes
HotpotQA +3.9 0.014 [0.8, 7.1] Yes
2Wiki +5.3 0.011 [1.4, 9.0] Yes
MuSiQue +6.9 0.004 [2.3, 11.2] Yes
Bamboogle +3.4 0.018 [0.7, 6.0] Yes

Single-hop avg. +2.0 0.031 [0.2, 3.9] Yes
Multi-hop avg. +4.9 0.009 [1.6, 8.0] Yes
All-benchmark avg. +3.6 0.015 [0.9, 6.2] Yes

Table 14: Paired significance analysis for the strict matched-cost comparison in Table 9, again using R1-Searcher++
as the reference baseline. Positive ∆EM@match favors VRR under identical hard caps. TriviaQA is not statistically
significant, while all other datasets and summary averages are significant.

Variant Hot. 2W MuS. Bam. Avg.

Single-agent + self-critique 42.1±0.2 40.8±0.2 20.3±0.2 39.2±0.2 35.6±0.2
Generator + Judge (no RCM) 44.6±0.2 43.2±0.2 21.7±0.2 41.2±0.2 37.7±0.2
Generator + RCM (no Judge) 43.4±0.2 42.5±0.2 20.9±0.1 40.7±0.2 36.9±0.2
Generator + Judge +
CE reranker 46.8±0.2 45.6±0.2 23.4±0.2 43.1±0.2 39.7±0.2
VRR (full) 48.5±0.1 48.0±0.1 25.0±0.1 44.9±0.2 41.6±0.2

Table 15: Framework attribution controls under the strict
matched setting. Headers denote HotpotQA, 2Wiki,
MuSiQue, Bamboogle, and their multi-hop average.

C.8 Cleaner attribution controls

To isolate whether the gains come from the tri-
agent framework design rather than a single auxil-
iary module, we add four cleaner controls under the
same strict matched setting: (i) single-agent self-
critique, (ii) Generator + Judge without RCM, (iii)
Generator + RCM without Judge, and (iv) Genera-
tor + Judge with a standard cross-encoder reranker
replacing the learned RCM ranking module.

The purpose of Table 15 is to answer a narrower
question than the main results table: once cost is
controlled, which part of the full controller is ac-
tually doing the work? A convincing attribution
result should therefore show both that each side
module helps and that the complete feedback-to-
instruction framework still matters after those par-
tial gains are accounted for.

The row ordering isolates where the extra gains
come from: adding only the Judge or only the
RCM helps, but neither recovers the full margin.
Replacing the learned RCM ranker with a standard
cross-encoder closes part of the gap, which is useful
because it shows that the remaining improvement is
not merely “having any reranker” but realizing the
verification-conditioned framework more faithfully
under the same cost cap.

Structured diagnosis interface. We also run a
focused HotpotQA control that keeps the Judge,
generic query rewriting, and a CE reranker, but
removes structured diagnosis from the Judge-to-
retrieval interface. Table 16 shows that this generic
rewrite-and-rerank variant reaches 43.1 EM, leav-
ing a +5.4 EM gap to VRR. This isolates the value
of typed, localized diagnoses beyond adding a veri-
fier, a query rewrite step, and a standard reranker.

Standard reranking reorders passages without
repairing the retrieval state, whereas diagnosis-
grounded RCM uses typed feedback to update the
retrieval trajectory. The full model’s remaining
gain therefore depends on the complete Generator–
Judge–RCM loop.
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Variant HotpotQA EM ↑
Judge + generic rewrite + CE reranker,
no structured diagnosis 43.1
VRR 48.5

Gain +5.4

Table 16: Focused HotpotQA ablation of the struc-
tured diagnosis interface. The control keeps verification,
generic rewriting, and CE reranking, but removes the
typed diagnosis-to-retrieval update used by VRR.

C.9 Judge reliability and calibration

Because the proposed framework uses the Judge for
both stopping and retrieval revision, its reliability
must be evaluated explicitly rather than assumed
from downstream EM alone. The main paper now
reports the full two-panel reliability breakdown in
Table 5; this appendix clarifies the label source and
evaluation protocol, then adds further discussion
and the complementary visualization in Figure 5.

Label source for Judge evaluation. The la-
bels used in this reliability analysis are not taken
from the Judge’s own outputs. Instead, they are
constructed by an external post-hoc verifier that
checks answer correctness, answer-type compati-
bility, cited evidence-ID validity, and whether the
cited evidence supports the answer. Accept/revise
labels come from these external checks; severity
labels are assigned on the same 0–10 scale by ag-
gregating the detected failure modes into ordered
bins; and query usefulness is measured by whether
a suggested repair query helps recover later-used
supporting evidence in the trajectory. This separa-
tion is important: the reliability table evaluates the
Judge against an external evaluation signal rather
than against its own self-reports.

The external post-hoc verifier used for Table 5
is a separate verifier stack rather than a reused ver-
sion of the deployed Judge: it uses an independent
prompt template, no shared LoRA weights, and
one additional verification pass per example before
the deterministic evidence checks are applied. This
reduces the chance that the reliability evaluation
simply rewards the Judge for agreeing with itself.

The pattern is consistent with the intended use
of the Judge. Strict gating reduces false acceptance
and improves evidence-grounding quality relative
to the ungated Judge, and the final Judge improves
all reliability indicators further. This matters op-
erationally: the more reliable Judge also produces
more useful repair queries and yields better down-
stream EM. Figure 5 visualizes the same mono-
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Figure 5: Judge control metrics across reliability vari-
ants. Deterministic gating improves all three metrics,
and the final Judge improves them further.

tonic trend for three metrics that directly matter to
the control framework: accept precision, support
precision, and repair-query usefulness.

The more reliable Judge also produces more use-
ful repair queries and yields better downstream EM,
which supports using the Judge as an explicit ver-
ification framework rather than treating it as an
unvalidated auxiliary critic.

Across the Qwen2.5-7B development split, the
strict gate rewrites 11.6% of raw accept predic-
tions to revise. This is large enough to matter
for stopping, reward shaping, and retrieval revi-
sion, and is why we describe the deployed Judge
as a hybrid controller rather than a purely learned
verifier. The denominator is raw learned accept
predictions, and the rewrite is one-way: the gate
can block unsupported accepts, but it never turns a
raw revise into accept.

C.10 Recovery after failed first-round
retrieval

To support the narrower retrieval-drift claim, we
measure recovery on cases where the first retrieved
evidence pack is initially unsupported. Initially un-
supported means that the first evidence pack lacks
sufficient support for the gold answer under an ex-
ternal post-hoc verifier and deterministic evidence
checks. Recovery means that a later evidence pack
contains at least one externally verified support-
bearing passage for the gold answer. This label is
independent of final answer correctness and is not
produced by the deployed Judge.
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Setting
First-round
unsupported

Support
recovered later

Final EM
on subset

Recovered
and correct

VRR w/o RCM 276 32.6% 57.7% 23.4%
VRR full same 276 76.8% 73.1% 51.2%

Table 17: Retrieval-recovery diagnostic on initially un-
supported HotpotQA cases. Both variants are evaluated
on the same 276 cases; recovery is judged by an external
verifier and deterministic evidence checks, not by the
deployed Judge.

On the same 276 initially unsupported cases, the
full Judge-conditioned RCM loop more than dou-
bles later support recovery over the variant with-
out RCM (32.6% → 76.8%, +44.2 points; 95%
paired bootstrap CI [+36.8,+51.6]; p < 0.001).
Final EM on this subset rises from 57.7% to 73.1%
(+15.4 points; 95% CI [+7.8,+23.4]; p < 0.001),
and the joint outcome of both recovering support
and answering correctly increases from 23.4% to
51.2%. This is not a global error decomposition.
It directly tests the regime VRR is designed for:
when the first evidence state is unsupported, con-
verting Judge feedback into retrieval repair makes
later evidence more likely to contain valid support.

C.11 Why cyclic DPO works:
distribution-shift analysis (H1)

The next three subsections move from fairness and
attribution to mechanism. Rather than adding more
leaderboard-style tables, they test whether each
training stage changes the failure mode it was de-
signed to address: H1 targets trajectory mismatch,
H2 targets saturated policy updates, and H3 targets
retrieval-side noise. This is the main “why it works”
evidence for the appendix, so each table should
be read as a mechanism check rather than as an
independent benchmark result.

H1 predicts that cyclic LoRA-DPO reduces
the train–test mismatch induced by multi-round
tool use. We therefore measure answer-length
drift, the Jensen–Shannon divergence between
train/test answer-length distributions, and the
verbose-answer rate. Table 18 shows that cyclic
DPO with explicit length control and answer-
conditioned regeneration/reconstruction yields the
strongest reduction in shift while also improving
downstream EM.

Variant ∆L ↓ JS↓
Verbose%

↓ EM ↑
Single-pass DPO (no length ctrl) 36.8 0.20 14.1 31.4±0.2
Cyclic DPO (no length ctrl) 27.5 0.15 11.2 33.0±0.2
Cyclic DPO + length control 16.9 0.09 7.8 35.2±0.2
+ pos regen / neg recon (ours) 11.8 0.06 5.4 41.8±0.2

Table 18: Mechanism diagnostics for H1 on HotpotQA
FullWiki.

C.12 Why judge-gated GRPO works:
optimization analysis (H2)

H2 concerns optimization pathologies under trajec-
tory saturation. We define an episode as saturated
when all sampled trajectories are correct or all are
wrong under the Judge, yielding near-constant ad-
vantages. We report the saturation ratio (Sat), effec-
tive advantage ratio (EAR), and non-zero update
ratio (NZU).

Method Sat↓ EAR↑ NZU↑ EM↑
GRPO (no gate) 0.41 0.19 0.65 41.2±0.2
GRPO + judge gate (ours) 0.25 0.33 0.86 44.6±0.2

Table 19: Optimization diagnostics for H2 on HotpotQA
FullWiki.

C.13 Retrieval adaptation analysis (H3)

H3 predicts that retrieval adaptation becomes the
dominant source of gains once reasoning and verifi-
cation are sufficiently strong. We compare different
adapter modes on the four multi-hop benchmarks
and report supporting-fact recall at retrieval time
(SF@k), evidence mention rate (EMR), and down-
stream EM.

Mode SF@k ↑ EMR ↑ Multi-hop EM ↑
Adapter off 0.63 0.56 36.9±0.2
TitleSelect 0.66 0.59 38.0±0.2
LLM-Rewrite 0.68 0.61 39.4±0.2
LLM-Rewrite-Grounded 0.71 0.65 41.6±0.2

Table 20: Retrieval-adaptation ablation for H3 on the
four multi-hop benchmarks.

Gold-support supervision check. Because
Stage 3 positives are constructed from accepted
trajectories, we also test whether replacing those
positives with gold supporting evidence yields
substantially different behavior on datasets that
provide support supervision.
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Stage 3 supervision HotpotQA EM ↑ 2Wiki EM ↑
Support
Recall ↑

Accepted trajectories only 48.5±0.1 48.0±0.1 0.74
Gold supporting evidence only 48.9±0.2 48.4±0.2 0.77
Hybrid (accepted + gold) 49.1±0.2 48.6±0.2 0.78

Table 21: Gold-support check for Stage 3 on support-
annotated datasets. Gold positives provide a small addi-
tional gain, suggesting that accepted-trajectory supervi-
sion is useful but not entirely free of self-confirmation.

Context budget sensitivity. To verify that the
gains do not come merely from larger contexts, we
sweep max_obs_chars and report truncation rate
(TR) and EM.

max_obs_chars TR↓
EM

(heuristic)
EM

(grounded)

4k 0.29 43.8±0.2 44.8±0.2
8k 0.17 46.4±0.2 47.3±0.2
12k 0.10 47.1±0.2 48.5±0.1

Table 22: Context-budget sensitivity on HotpotQA Full-
Wiki.

Generic LLM rewriting changes a query with-
out explicit knowledge of the failure type and can
drift from the Judge-identified problem, such as a
wrong bridge entity, missing relation constraint, or
weak support span. Diagnosis-grounded rewriting
instead constrains edits by typed issues and sever-
ity. Under the same matched budget, this produces
higher-precision evidence updates, reaches support-
bearing passages earlier, and reduces revisions that
do not change the answer state.

C.14 Base-model comparison and IKEA
reproduction

We add a Qwen2.5-7B-Base run as the cleanest
base-vs.-instruct control while keeping scale, re-
triever, corpus, wrapper, decoding, and evaluation
fixed. We also reproduce IKEA, the Reinforced
Internal–External Knowledge Synergistic Reason-
ing Agent proposed by Huang et al. (2025b), under
the same wrapper. We use this to illustrate that
improving retrieval quality is also quite beneficial
compared with IKEA which mainly focuses on
thinking quality as a core issue in multi-step QA.
The table clarifies that VRR remains competitive
on single-hop QA and shows its main advantage
on multi-step retrieval repair.

VRR is comparable to Search-R1-base + PPO on
the single-hop average, and IKEA remains compet-
itive on several single-hop datasets. This is consis-
tent with our claim scope: VRR is trained only on
HotpotQA and is designed primarily for retrieval

drift in multi-step reasoning. Its single-hop per-
formance remains competitive without single-hop-
specific training, while the largest gains occur on
HotpotQA, MuSiQue, and other multi-hop settings
where retrieval repair is more often required.

C.15 Small-model transfer: Qwen2.5-3B

After the mechanism checks, the remaining ap-
pendix tables return to scope: whether the same
controller design transfers across model sizes and
model families, and whether the resulting gains
remain efficient enough to matter in practice.

Table 24 reports the corresponding compari-
son for Qwen2.5-3B (Qwen Team, 2024) under
the same budget-aligned protocol as the main-
paper 7B results. The same pattern persists on
the smaller backbone. Relative to R1-Searcher++,
our method improves average EM by +3.3 points
(39.3 vs. 36.0), with especially large gains on Hot-
potQA (+8.2), 2WikiMultiHopQA (+3.7), and
Bamboogle (+8.3). This indicates that the pro-
posed pipeline remains effective on substantially
smaller models and that the gains are not explained
by scale alone.

C.16 Cross-model transfer: Llama 3.1-8B

Table 25 reports the corresponding comparison for
Llama 3.1-8B (Dubey et al., 2024) under the same
budget-aligned protocol. The table follows the
same reporting format as our Qwen2.5-7B main
results, and is included to support cross-model val-
idation beyond Qwen-family backbones. We ob-
serve the same overall trend: our method improves
average EM and yields larger gains on retrieval-
intensive multi-hop benchmarks, indicating that
the benefit is not tied to a single model family.

C.17 Transfer on Qwen3-8B

Table 26 reports the corresponding comparison for
Qwen3-8B (Qwen Team, 2025) under the same
budget-aligned protocol as the main-paper 7B re-
sults. The same advantage pattern persists: rela-
tive to R1-Searcher++, VRR improves average EM
from 44.0 to 47.6, with larger gains on multi-hop
benchmarks (+3.6 on HotpotQA, +4.0 on 2Wiki-
MultiHopQA, +4.7 on MuSiQue, and +6.0 on
Bamboogle).

We do not treat Qwen3-8B as the primary ex-
perimental backbone for two reasons. First, the
main pipeline, checkpoint-selection protocol, and
budget-aligned baselines were pre-registered and
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Method NQ TriviaQA PopQA HotpotQA 2Wiki MuSiQue Bamboogle Avg.

Search-R1-base + GRPO 39.7 61.4 38.4 36.8 42.4 16.6 38.4 39.1
Search-R1-base + PPO 45.7 62.4 41.0 43.8 47.5 17.3 39.2 42.4
IKEA reproduced 46.9 62.4 41.2 44.8 46.1 20.3 39.6 43.0
R1-Searcher++ base 39.8 60.7 40.1 41.5 41.3 16.5 40.8 40.1
VRR, ours, base-model backbone 43.2 61.8 44.6 47.6 46.4 24.1 41.6 44.2
VRR, ours, instruct model 43.7 62.5 44.4 48.5 48.0 25.0 44.9 45.2

Table 23: Base-model and reproduced IKEA comparison under the unified wrapper. VRR remains close to strong
single-hop baselines while showing its largest advantages on multi-hop retrieval repair.

Method Single-hop Multi-hop Avg.

NQ TriviaQA PopQA HotpotQA 2Wiki MuSiQue Bamboogle

Qwen2.5-3B-Instruct
Direct Inference 10.6±0.2 28.8±0.2 10.8±0.1 14.9±0.2 24.4±0.2 2.0±0.1 2.4±0.1 13.4±0.2
CoT (Wei et al., 2022) 2.3±0.1 3.2±0.1 0.5±0.1 2.1±0.1 2.1±0.1 0.2±0.1 0.0±0.1 1.5±0.1
IRCoT (Trivedi et al., 2023) 11.1±0.1 31.2±0.2 20.0±0.2 16.4±0.2 17.1±0.2 6.7±0.1 24.0±0.2 18.1±0.2
Search-o1 (Li et al., 2025) 23.8±0.2 47.2±0.2 26.2±0.2 22.1±0.2 21.8±0.2 5.4±0.1 32.0±0.2 25.5±0.2
RAG (Lewis et al., 2020) 34.8±0.2 54.4±0.2 38.7±0.2 25.5±0.2 22.6±0.2 4.7±0.1 8.0±0.1 27.0±0.2
SFT 24.9±0.2 29.2±0.2 10.4±0.1 18.6±0.2 24.8±0.2 4.4±0.1 11.2±0.1 17.6±0.2
R1-style RL (Guo et al., 2025) 21.0±0.2 44.9±0.2 17.1±0.2 20.8±0.2 27.5±0.2 6.0±0.1 19.2±0.2 22.4±0.2
Rejection Sampling 29.4±0.2 48.8±0.2 33.2±0.2 24.0±0.2 23.3±0.2 5.9±0.1 21.0±0.2 26.5±0.2
Search-R1 (Jin et al., 2025) 34.1±0.2 54.5±0.2 37.8±0.2 32.4±0.2 31.9±0.2 10.3±0.2 26.4±0.2 32.5±0.2
R1-Searcher++ (Song et al., 2025b) 37.0±0.2 58.3±0.2 40.3±0.2 35.5±0.2 35.3±0.2 15.5±0.2 30.4±0.2 36.0±0.2

VRR (ours) 38.0±0.2 56.1±0.2 42.0±0.2 43.7±0.3 39.0±0.2 17.6±0.2 38.7±0.2 39.3±0.2

Table 24: Main comparison on Qwen2.5-3B under the budget-aligned evaluation protocol. All values are EM.

Method Single-hop Multi-hop Avg.

NQ TriviaQA PopQA HotpotQA 2Wiki MuSiQue Bamboogle

Llama 3.1-8B-Instruct
Direct Inference 11.4±0.2 38.8±0.2 12.0±0.1 16.3±0.2 24.8±0.2 3.5±0.1 10.0±0.1 16.7±0.2
CoT (Wei et al., 2022) 4.5±0.1 18.7±0.2 4.4±0.1 8.2±0.1 10.4±0.1 2.0±0.1 21.8±0.2 10.0±0.1
IRCoT (Trivedi et al., 2023) 20.7±0.2 44.8±0.2 31.1±0.2 12.7±0.2 11.9±0.1 6.8±0.1 20.1±0.2 21.2±0.2
Search-o1 (Li et al., 2025) 14.1±0.1 41.8±0.2 12.1±0.1 14.9±0.2 14.3±0.2 4.7±0.1 24.4±0.1 18.0±0.2
RAG (Lewis et al., 2020) 33.7±0.2 56.5±0.2 38.8±0.2 30.4±0.2 21.5±0.2 4.9±0.1 22.8±0.3 29.8±0.2
R1-style RL (Guo et al., 2025) 26.5±0.1 51.7±0.2 17.8±0.2 22.5±0.2 28.3±0.1 7.0±0.1 25.8±0.2 25.7±0.2
Rejection Sampling 35.7±0.2 58.2±0.2 37.6±0.1 31.8±0.2 27.5±0.2 11.2±0.2 33.4±0.1 33.6±0.3
Search-R1 (Jin et al., 2025) 38.2±0.2 60.8±0.2 37.6±0.1 35.6±0.2 40.4±0.2 13.7±0.2 35.9±0.2 37.5±0.2
R1-Searcher++ (Song et al., 2025b) 40.2±0.2 62.3±0.2 40.7±0.2 43.8±0.2 41.1±0.2 18.7±0.2 39.1±0.2 40.8±0.2

VRR (ours) 42.6±0.2 61.7±0.2 43.2±0.2 47.5±0.3 46.8±0.2 23.4±0.2 45.2±0.2 44.3±0.2

Table 25: Main comparison on Llama 3.1-8B under the budget-aligned evaluation protocol. All values are EM.

tuned around Qwen2.5-7B, which gives cleaner
comparability to prior retrieval-agent studies. Sec-
ond, using a newer backbone as the core set-
ting would couple method effects with backbone-
version effects; keeping Qwen3-8B in the appendix
provides a transfer check without changing the
main attribution target.

C.18 Larger-model and retrieval-source
robustness checks

We add focused robustness checks on HotpotQA
and 2Wiki to test whether the 8B-parameter VRR
remains competitive against substantially larger
conventional RAG pipelines on similar multi-step
QA tasks, and whether the observed gains persist
when the retrieval backend/data source changes.

These checks are not intended to replace the fixed-
backend seven-benchmark comparison; rather, they
probe whether the central retrieval-revision mech-
anism remains useful beyond the main controlled
setting.

First, Table 27 compares VRR with conven-
tional retrieve-then-read RAG pipelines using
much larger generators. Despite using an 8B
backbone, VRR is strongly competitive with these
larger-model baselines on the same tasks: it outper-
forms GPT-4o conventional RAG by +6.0 EM on
HotpotQA and +6.0 EM on 2Wiki, and the margin
over Llama-3.1-70B conventional RAG is larger.
This comparison is not meant to claim that model
scale is unimportant; rather, it shows that a smaller
retrieval-revision system can be highly competi-
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Method Single-hop Multi-hop Avg.

NQ TriviaQA PopQA HotpotQA 2Wiki MuSiQue Bamboogle

Qwen3-8B
Direct Inference 12.3±0.2 40.8±0.2 12.8±0.1 17.3±0.2 27.0±0.2 3.8±0.1 10.9±0.1 17.8±0.2
CoT (Wei et al., 2022) 4.7±0.1 20.0±0.2 4.6±0.1 8.7±0.1 11.2±0.1 2.1±0.1 23.1±0.2 10.6±0.1
IRCoT (Trivedi et al., 2023) 22.4±0.2 48.3±0.2 33.0±0.2 13.7±0.2 13.0±0.1 7.1±0.1 21.9±0.2 22.8±0.2
Search-o1 (Li et al., 2025) 15.3±0.1 44.6±0.2 12.8±0.1 16.4±0.2 15.3±0.2 5.0±0.1 25.7±0.2 19.3±0.2
RAG (Lewis et al., 2020) 36.8±0.2 61.0±0.2 42.3±0.2 33.0±0.2 23.2±0.2 5.4±0.1 24.4±0.2 32.3±0.2
R1-style RL (Guo et al., 2025) 28.6±0.2 56.4±0.2 19.2±0.2 24.6±0.2 30.5±0.2 7.6±0.1 27.1±0.2 27.7±0.2
Rejection Sampling 37.9±0.2 62.0±0.2 39.6±0.2 33.8±0.2 29.0±0.2 11.9±0.2 36.1±0.2 35.8±0.2
Search-R1 (Jin et al., 2025) 40.8±0.2 65.0±0.2 39.9±0.2 37.9±0.2 44.3±0.2 14.8±0.2 38.8±0.2 40.2±0.2
R1-Searcher++ (Song et al., 2025b) 42.6±0.2 67.7±0.2 43.1±0.2 46.8±0.2 45.2±0.2 20.2±0.2 42.1±0.2 44.0±0.2

VRR (ours) 46.2±0.2 67.4±0.2 47.0±0.2 50.4±0.3 49.2±0.2 24.9±0.2 48.1±0.2 47.6±0.2

Table 26: Main comparison on Qwen3-8B under the budget-aligned evaluation protocol. All values are EM.

tive when it can diagnose retrieval failures and turn
them into actionable retrieval repairs.

Model / Setting HotpotQA 2Wiki

Llama-3.1-70B conventional RAG 28.3 22.7
GPT-4o conventional RAG 42.5 42.0
VRR (8B) 48.5 48.0

Table 27: Comparison between 8B-parameter VRR and
larger conventional RAG generators. All values are EM.

Second, Table 28 replaces the dense Wikipedia
retriever used in the main controlled experiments
with BM25, and then replaces the fixed Wikipedia
retriever with Google Search as the external data
source. VRR remains above R1-Searcher++ in
both settings: with BM25, VRR gains +1.9 EM on
HotpotQA and +0.6 EM on 2Wiki; with Google
Search, VRR gains +2.6 EM on HotpotQA and
+2.9 EM on 2Wiki. These results suggest that the
revision loop is not tied to a single dense retriever or
fixed corpus, although broader backend and domain
coverage remains future work.

Retrieval setting Method HotpotQA 2Wiki

BM25
R1-Searcher++ 45.3 46.2
VRR 47.2 46.8
Improvement +1.9 +0.6

Google Search
R1-Searcher++ 49.6 48.4
VRR 52.2 51.3
Improvement +2.6 +2.9

Table 28: Robustness under alternative retrieval back-
ends and external data sources. All values are EM.

C.19 Generalization and efficiency

Finally, Table 29 summarizes cross-benchmark
transfer within Wikipedia-style open-domain QA
and simple cost proxies. The main controlled
experiments use e5-base and a fixed Wikipedia
corpus, and all methods share the same retriever
and corpus within that protocol. Therefore, the

main score differences are attributed to verification-
guided retrieval revision rather than a stronger back-
end. The robustness checks in Appendix C.18
further show that the same pattern persists with
BM25 and Google Search, though broader cross-
retriever and cross-domain evaluation remains a
natural next step. The gains are strongest on multi-
hop, retrieval-heavy benchmarks, while improve-
ments on single-hop settings remain positive but
smaller.

Dataset
EM

(SFT)
EM

(Ours) #Ret↓ GenTok↓
HotpotQA 30.7±0.1 48.5±0.1 3.1 805
2WikiMultiHopQA 35.9±0.2 48.0±0.1 2.8 742
MuSiQue 10.6±0.1 25.0±0.1 2.9 776
NQ 35.8±0.2 43.7±0.1 1.5 598
Bamboogle 27.2±0.2 44.9±0.2 2.0 664

Table 29: Generalization and efficiency trade-offs.

D Qualitative Case Studies

D.1 Case studies on correct-answer
trajectories

To complement the quantitative results, we present
three qualitative case studies comparing a ReAct-
style baseline with VRR. We position this sec-
tion as a long-form qualitative companion, with
trajectory-level evidence that makes the revision
mechanism explicit. We intentionally select cases
in which VRR reaches the correct answer string.
These examples illustrate two behaviors of the
proposed framework. In some cases, the system
reaches the correct answer and verifies it end-to-
end. In other cases, the Generator still reaches the
correct answer, but the Judge remains conserva-
tive because the retrieved evidence is insufficient
for formal acceptance. We include one complete
action-level trajectory (Case 1) and two shorter
correct-answer cases (Cases 2–3), where repeated
retrieval loops are summarized for readability.
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Case 1: verified correct answer

Question. Which film has the director born
earlier, The House by the Cemetery or Char-
lie Chan in Honolulu?
Gold answer. Charlie Chan in Honolulu
ReAct final answer. The House by the
Cemetery (EM= 0, F1= 0)
VRR final answer. Charlie Chan in Hon-
olulu (EM= 1, F1= 1)
Judge verdict. accept, severity = 1, com-
ment: supported by E3,E6

ReAct complete trajectory.
1. search: directors of The House By

The Cemetery and Charlie Chan In
Honolulu

2. observation: top titles include
Charlie Chan in Honolulu, Charlie
Chan, Charlie Chan in Reno, Chan
Is Missing, Dead Men Tell, Warner
Oland, . . .

3. search: birth year of H.
Bruce Humberstone and Earl Derr
Biggers

4. observation: top titles include H.
Bruce Humberstone, Earl Derr
Biggers, . . .

5. search: birth year of H.
Bruce Humberstone and Earl Derr
Biggers

6. observation: top titles include H.
Bruce Humberstone, Earl Derr
Biggers, . . .

7. answer: The House By The Cemetery

VRR complete trajectory.
1. search (round 1):

The House By The Cemetery Which
film has the director born
earlier, The House By The
Cemetery or Charlie Chan In
Honolulu?

2. observation (round 1): top titles in-
clude
Charlie Chan, The House by
the Cemetery, Charlie Chan in
Honolulu, Chinatown, Honolulu,
Chang Apana, . . .

3. search (round 1):
Charlie Chan in Honolulu Which
film has the director born

earlier, The House By The
Cemetery or Charlie Chan In
Honolulu?

4. observation (round 1): top titles in-
clude
The House by the Cemetery, Charlie
Chan in Honolulu, Warner Oland,
Charlie Chan in Reno, Dead Men
Tell, . . .

5. answer (round 1): Charlie Chan in
Honolulu

6. judge (round 1): verdict=accept,
severity=1, comment=supported by
E3,E6

Interpretation. ReAct drifts to an incorrect
comparison by querying Earl Derr Biggers,
who is associated with the Charlie Chan
franchise rather than the film’s director. In
contrast, VRR maintains the comparison at
the film level, returns the correct title, and
obtains explicit evidence-backed acceptance
from the Judge.

Case 2: correct answer under conserva-
tive verification

Question. Which film has the director born
first, Antonieta or Dodging the Dole?
Gold answer. Dodging the Dole
ReAct final answer. Malformed answer
concluding that Carlos Saura was born
first (EM= 0, F1= 0)
VRR answer. Dodging the Dole (EM=
1, F1= 1 at the answer-string level)
Final Judge status. accept, severity = 1

Trajectory summary.
1. In round 1, the Generator separately

searches for Antonieta and Dodging the
Dole, then outputs the correct answer
Dodging the Dole.

2. The Judge requests additional support
and returns revise.

3. The controller keeps query augmenta-
tion off, and later rounds repeatedly re-
query related information about Dodg-
ing the Dole.

4. Although the retrieval results remain
weakly related and do not yield suffi-
ciently strong support for verification in
the first two rounds, the Generator con-
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sistently returns the correct answer with
additional supporting details, and in the
last round the Judge accepts the answer
Dodging the Dole.

Interpretation. This case still supports the
proposed framework: unlike ReAct, VRR
reaches the correct answer string. The re-
maining issue is not answer selection, but
conservative verification under insufficient
retrieved evidence.

Case 3: correct answer despite persistent
retrieval miss

Question. Which film has the director who
died later, The Fatal Mistake or The Devil’s
Hairpin?
Gold answer. The Devil’s Hairpin
ReAct final answer. 2018 (EM= 0, F1=
0)
VRR answer. The Devil’s Hairpin (EM=
1, F1= 1 at the answer-string level)
Final Judge status. accept, severity = 1

Trajectory summary.
1. In round 1, the Generator searches the

two film titles separately and outputs the
correct answer The Devil’s Hairpin.

2. The Judge asks for stronger evidence
and returns revise.

3. Subsequent rounds re-query The Fatal
Mistake and related variants, while re-
trieval quality remains unstable and pro-
vides limited sufficiently grounded sup-
port for the comparison.

4. Despite this retrieval miss, the Genera-
tor continues trying to collect informa-
tion that supports the correct answer The
Devil’s Hairpin.

Interpretation. Relative to ReAct, VRR
still reaches the correct answer string even
under noisy retrieval. The unresolved issue
in this example is evidence sufficiency for
Judge acceptance rather than the final an-
swer itself.

Overall takeaway. Across all three examples,
VRR reaches the correct answer string, whereas
the ReAct baseline fails in different ways, includ-
ing entity drift, malformed outputs, and answer-
type mismatch. Case 1 shows the full end-to-end
behavior when correct retrieval, reasoning, and ver-

ification align. Cases 2–3 show that even when re-
trieval remains imperfect, the proposed system still
improves answer selection substantially. The re-
maining challenge lies in obtaining evidence strong
enough for strict verification.

E Prompt and Implementation Details

This appendix documents the prompting interface,
output protocol, inference loop, training objectives,
and representative hyperparameters used by Our
VRR instantiation. We keep the prompt templates
explicit for reproducibility, while summarizing the
remaining implementation details in a compact
form.

E.1 System overview

Our VRR instantiation contains three functional
roles.

Generator. The Generator performs step-wise
search planning and produces the final short an-
swer.

Judge. The Judge performs strict evidence-based
verification. It decides whether a candidate answer
is both correct and supported by retrieved evidence,
and, if necessary, returns targeted revision sugges-
tions.

Retrieval Context Manager (RCM). The RCM
handles retrieval-side adaptation, including query
rewriting, title selection, hit selection, and auto-
matic strategy control.

The overall design separates reasoning, verifi-
cation, and retrieval adaptation into explicit in-
terfaces with strictly structured outputs, which re-
duces failure propagation under noisy retrieval.

E.2 Prompt templates

Below we report the normalized prompt templates
used in our implementation.

E.2.1 Generator prompt during tool-using
search

System Prompt

You are a multi−hop QA generator agent.
You can use a tool search(query) to retrieve Wikipedia

passages.
Output tags only:
− <search>...</search> for the next retrieval query
− <think>...</think> for reasoning (optional)
− <answer>...</answer> for the final short answer
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Rules:
1) If you can already answer, output <answer>

directly (do NOT search).
2) Otherwise output <search> (you may include <

think>).
3) Do not output anything outside these tags.
4) Keep <search> short and specific.
5) <answer> must be only the answer string.

User Prompt Structure

Context:
{context or hidden notice}

Judge feedback:
{optional JSON from previous judge}

Question: {question}

Previous steps:
{trace with <search>/<observation>/<answer>}

Now output tags only (<search>/<think>/<answer>):

The implementation supports trace_mode in
{full, compact, auto}. In auto mode, the sys-
tem first attempts the full trace and falls back to
a compact trace when the context budget would
otherwise be exceeded.

E.2.2 Generator prompt for final answer
generation

System Prompt

You are a multi−hop QA generator agent.
You are NOT allowed to use any tools now.
Output tags only:
− <think>...</think> (optional)
− <answer>...</answer> (required)
In <answer>, output ONLY the short answer string.

User Prompt Structure

Context:
{context or hidden notice}

Question: {question}

Previous steps:
{trace/history}

Now output tags only (<think>/<answer>):

E.2.3 Judge prompt

System Prompt

You are a strict judge for multi−hop question
answering.

You will be given a question, context, a retrieval trace,
and a candidate short answer.

Decide whether the answer is correct AND supported
by the evidence.

The context may contain evidence blocks like [E1], [
E2], ...

You MUST NOT accept unless you can point to at
least one evidence block id that supports the
answer.

Output ONLY one tag:
<judge>{...json...}</judge>
JSON schema:
{

"verdict": "accept" | "revise",
"severity": int (0−10),
"issues": [string, ...],
"suggested_search_queries": [string, ...],
"comment": string

}
Be concise and prioritize correctness.
If you accept, the comment MUST cite the supporting

evidence ids (e.g. "supported by E2,E5").
If you revise, provide 1−3 targeted search queries that

would likely find missing evidence.
If you are unsure, choose revise.

User Prompt Structure

Context:
{packed evidence + optional dataset context}

Question: {question}

Trace:
{compact trace with searches and top titles}

Candidate answer: {answer}

Now output <judge>{...}</judge> only.

E.2.4 RCM sub-agent prompts

Query Rewrite Agent.
Query Rewrite Agent

You are a search query rewriting agent.
Your job is NOT to answer the question.
Given a question and an initial search query, produce

a small set of improved
search queries for a Wikipedia−like document

retriever.
Rules:
− Output ONLY a JSON array of strings (no

markdown, no extra keys).
− Provide at most {max_queries} queries.
− Queries should be short (<= 12 words), entity−

focused, and disambiguated.
− Prefer explicit entity names, dates, and relations;
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avoid pronouns.
− DO NOT guess the final answer and do not

introduce new unrelated named entities.
− If candidate page titles are provided, only use those

titles (or their exact
substrings) when adding entities.

− If the initial query is already good, include it as−is.

Title Selection Agent.
Title Selection Agent

You are an evidence title selection agent for a
Wikipedia−like retriever.

Your job is NOT to answer the question.
Given a question, an initial query, and candidate

Wikipedia page titles from an
initial retrieval, select the few titles that are most

likely needed to answer
the question.
Rules:
− Output ONLY a JSON array of strings (no

markdown, no extra keys).
− Select at most {max_titles} titles.
− Only select titles that appear in the provided

candidate list (exact match).
− Prefer selecting the most relevant titles even if

uncertain; do not be overly conservative.

Hit Selection Agent.
Hit Selection Agent

You are a retrieval evidence selection agent.
Your job is NOT to answer the question.
Given a question, a search query, and candidate

retrieved passages, select the
passages that are most likely needed to answer the

question.
Rules:
− Output ONLY a JSON array of integers (pids). No

markdown, no extra keys.
− Select up to {k} pids (prefer returning exactly {k} if

possible).
− Only select pids that appear in the provided

candidate list.
− Prefer passages that contain factual statements that

directly support the final short answer.
− Prefer evidence coverage and diversity: if the

question involves multiple
entities/titles, try to pick passages from different

titles, and avoid selecting
more than 2 passages from the same title unless

necessary.

Automatic Retrieval Strategy Controller.
Retrieval Strategy Controller

You are a retrieval strategy controller for a search−
based QA agent.

Choose the next−round query augmentation mode to
improve evidence recall while

avoiding over−filtering.
Available actions:

− off: use the raw search queries (highest recall
stability).

− title_select: use LLM−assisted Wikipedia title
selection to expand queries

(good for disambiguation / multi−hop).
− llm_rewrite: rewrite/expand queries with the LLM (

use sparingly; expensive).
− keep: keep the current mode.
Rules:
− Prefer off unless there's a clear reason to change.
− If the judge suggests specific search queries, prefer

off (those queries already add guidance).
− Output ONLY a JSON object with key '

query_augment'
(one of: off, title_select, llm_rewrite, keep).

E.2.5 Optional multi-try controller

When multiple trajectories are sampled, the system
may optionally invoke a final verifier to choose the
best-supported candidate. The main results in this
paper use single-try inference.

E.3 Output protocol

Generator parsing.
We first parse <answer>...</answer>; if absent,
we parse <search>...</search>. Outputs con-
taining neither tag are treated as fallback cases.

Judge parsing.
The Judge output must be exactly one
<judge>{...}</judge> tag whose interior
is valid JSON with fields verdict, severity,
issues, suggested_search_queries, and
comment.

In the formal notation of Section 3.2.2, we map
ft ≡ (issuest, suggested_search_queriest).

Strict Judge Gating.
Even if the Judge outputs accept, we apply a de-
terministic post-check: (i) the answer format must
match the question type; (ii) the comment must
cite at least one evidence identifier; (iii) the cited
identifiers must exist in the evidence pack; and (iv)
the cited evidence must support the answer. If any
check fails, the verdict is rewritten to revise. This
prevents false acceptance caused by weak or hal-
lucinated verification. In terms of Eq. (7), step (i)
operationalizes ctype, steps (ii)–(iii) operationalize
centity, and step (iv) operationalizes csupport. On
the Qwen2.5-7B development split, this determinis-
tic gate rewrites 11.6% of raw accept predictions
to revise.
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Algorithm 1 Round-wise interaction in our VRR
instantiation
Require: question x, maximum number of rounds

T
1: h1 ← ∅, u0 ← ∅
2: for t = 1, . . . , T do
3: st ← BuildState(x, ht, ut−1)

4: q
(0)
t ∼ πq

θ(· | st)
5: Et ←Mη(q

(0)
t , x, ht, ut−1)

6: ŷt ∼ πy
θ (· | x, ht, Et)

7: (zt, ρt, ft)← Jϕ(x, ht, Et, ŷt)
8: if zt = 1 then
9: return ŷt

10: end if
11: if ft ̸= ∅ then
12: ut ← Γ(ft, ρt, ht)
13: else
14: ut ← ∅
15: end if
16: ht+1 ← ht ∪ {(q(0)t , Et, ŷt, zt, ρt, ft, ut)}
17: end for
18: return ŷT

E.4 Inference details

Algorithm 1 gives compact pseudocode for the
round-wise inference loop used by our VRR in-
stantiation.

Line 4 in Algorithm 1 follows Eq. (4): base-
query generation uses πq

θ , while answer generation
(line 6) uses πy

θ as in Eq. (5).
For each example, the Generator emits either

<search> or <answer>. If it emits <search>, the
retriever is called and the RCM may apply query
augmentation and post-retrieval selection. The
packed evidence is then sent to the Judge. If the
Judge accepts, the process terminates; otherwise
the next round begins, optionally prioritizing Judge-
suggested search queries.

The implementation supports smaller develop-
ment defaults, but the main benchmark results re-
ported in Section 4.1 use the fixed inference budget
described there, including a maximum of R = 4
rounds.

At inference time, the retriever-facing
controls include: query augmentation
(off, append_question, llm_rewrite,
llm_rewrite_grounded, title_select),
post-retrieval processing (off, title_cap,
denoise, llm_select), and optional evidence
compression. These controls are implemented
under the same RCM interface: learned modes

(e.g., llm_rewrite, llm_rewrite_grounded,
llm_select) correspond to the trained adapter
behavior, while heuristic modes (e.g., off,
append_question, title_cap, denoise) are
kept for ablation and fallback. Unless otherwise
stated, the main reported results use the learned
grounded setting. The Generator supports full,
compact, and auto trace injection; in auto mode,
the system falls back to a compact trace when the
full history would exceed the context budget.

E.5 Reproducibility notes

A practical reproduction recipe is as follows. First,
fix a single inference configuration, including con-
text budget, retriever top-k, and strict Judge Gating.
Second, train the Generator and Judge with SFT
followed by iterative DPO. Third, run GRPO with
split rewards, Judge-based shaping, and global-
advantage fallback for saturated groups. Finally,
enable the RCM at inference time and evaluate gen-
eralization under the same search budget used in
the main results.

For faithful reproduction, four implementation
details matter especially. First, keep the retrieval
environment fixed across all stages: the same re-
triever checkpoint, Wikipedia snapshot, FAISS in-
dex, and evaluation-time round / candidate caps
should be reused throughout. Second, preserve the
checkpoint selection discipline from the main pa-
per: select checkpoints on the held-out HotpotQA
training-monitor split rather than on any transfer
benchmark. Third, log both natural-run and strict
matched-cost metrics, together with retriever calls,
candidate-passage counts, evidence tokens, LLM
calls, and latency, because otherwise controller im-
provements and budget increases are hard to disen-
tangle. Fourth, report multi-seed mean±std under
the same decoding setup used in evaluation; chang-
ing decoding temperature or sample count can alter
both cost and answer-selection behavior enough to
blur attribution.

At minimum, a reproducible artifact bundle
should include: (i) the exact Generator, Judge,
and retrieval-control prompts; (ii) the determinis-
tic post-Judge strict-gating logic; (iii) the training-
monitor split and checkpoint-selection rule; (iv)
scripts or configurations for both budget-aligned
and matched-cost metrics; and (v) an end-to-end
inference configuration matching the main paper.
Together, these artifacts support independent repro-
duction.
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