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Abstract

Multi-hop question answering (MHQA) re-
quires models to retrieve and reason over ev-
idence distributed across multiple documents.
However, training dense retrievers for MHQA
remains challenging because labeled query-
document pairs are difficult to obtain for the
evolving intermediate queries in multi-hop rea-
soning. Recent approaches use LLM likeli-
hoods for step-wise supervision over queries
conditioned on accumulated evidence, which
anchors retrieval to known facts and biases su-
pervision toward answer-bearing documents,
leaving bridging evidence undiscovered. To
address this, we propose PROBE!, a frame-
work that optimizes dense retrievers for MHQA
without requiring manually annotated query-
document pairs. It decouples the reasoning
state into a factual summary and a prospec-
tive query that anticipates missing information.
For training, we transfer cross-encoder sig-
nals only at the final hop, providing trajectory-
level supervision without penalizing early ex-
ploration. Experiments on three MHQA bench-
marks show that PROBE consistently improves
both retrieval and QA performance over strong
iterative baselines, achieving an average gain
of 5.7 points while using only about 5% of the
training data of the prior method.

1 Introduction

Multi-hop Question Answering (MHQA) requires
models to aggregate and reason over evidence dis-
tributed across multiple documents in order to an-
swer complex queries (Yang et al., 2018; Ho et al.,
2020; Trivedi et al., 2022). Since the complete ev-
idence chain is rarely retrievable in a single step,
recent systems typically adopt iterative Retrieval-
Augmented Generation (RAG). In this paradigm,
models alternate between retrieval and reasoning

*Corresponding author.
'Our implementation is available at: https://github.c
om/luxu-zju/PROBE

across multiple dependent steps, conditioning each
new search on previously gathered evidence to pro-
gressively construct a reasoning trajectory (Trivedi
et al., 2023; Jeong et al., 2024).

Despite the flexibility of iterative reasoning, the
performance of multi-hop QA systems remains
fundamentally constrained by the underlying re-
triever. Although dense retrievers such as Con-
triever (Izacard et al., 2022) capture richer semantic
relations than sparse methods like BM25 (Robert-
son et al., 1994), training them for multi-hop rea-
soning remains difficult because relevance labels
are not readily available for the evolving intermedi-
ate queries encountered during iterative reasoning.
To address this, ReSCORE (Lee et al., 2025) pro-
poses a label-free framework that trains a dense
retriever using LLM generative likelihoods inte-
grated with iterative reasoning. At each hop, the
model extracts verified information into a compact
thought appended to the next query. However, with-
out explicit forward-looking intent, queries can
remain anchored to accumulated evidence, mak-
ing missing bridging information difficult to target.
Moreover, step-wise generative supervision can fa-
vor answer-bearing documents over intermediate
bridging evidence, further suppressing exploratory
retrieval. Figure 1 illustrates such a failure mode,
where retrieval remains trapped around surface-
form entities across multiple hops.

To address this limitation, we propose PROBE,
which combines Prospective Retrieval with Oracle-
Based End-Goal Distillation to train dense retriev-
ers for MHQA without relying on manually an-
notated query-document pairs. Instead of relying
solely on accumulated evidence, PROBE explic-
itly models the information needed for the next
hop. Concretely, it separates the intermediate
context into two components: a factual summary
that consolidates verified evidence and a prospec-
tive query that provides a forward-looking direc-
tive toward the next missing piece of informa-
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Question: Who created the NBC sitcom that Johnny Pemberton appears in as the character Bo Thompson?

ReSCORE

PROBE (Ours)

Hop 1 Retrieval:
[..., Johnny Pemberton, Bobb’e J. Thompson, Brian Thomp-
son, Fred Thompson, Thompson (TV series), ... ]

Hop 1 Retrieval:
[..., Johnny Pemberton, Bosom Buddies, Fred Thompson,
Johnny Thompson, Thompson (TV series), ... ]

Hop 1 Thought:
“The NBC sitcom that Johnny Pemberton appears in as the
character Bo Thompson is likely ‘Superstore’, but the creator
of the show is not specified...”

> Infers the intermediate entity but fails to turn it into an

effective retrieval target

“The documents confirm that Johnny Pemberton appears in the

Hop 1 Thought:

NBC sitcom ‘Superstore’ as the character Bo Thompson.”
Prospective Query:

“Who created the NBC sitcom ‘Superstore’?”

Subsequent Retrievals:

[..., Johnny Pemberton, Johnny Thompson, Bobb’e J. Thomp-
son, Kenan Thompson, Thompson (TV series), Fred Thomp-
son, ... ]

> Retrieval remains around surface-form Pemberton/Thompson
entities and fails to expose the creator evidence

Loop remains unresolved across later hops

Hop 2 Retrieval:
[..., Johnny Pemberton, Superstore (TV series), List of Su-
perstore characters, List of Superstore episodes, ... ]

> Retrieves the answer-bearing page
Hop 2 Output:
Justin Spitzer
Correct answer extracted at Hop 2

Final: X Unresolved (7 retrieval hops)

Final: v Justin Spitzer (2 retrieval hops)

Figure 1: Retrieval trajectory comparison. ReSCORE identifies Superstore but fails to use it as an effective
next-hop retrieval target, causing later retrievals to remain around surface-form Pemberton/Thompson entities.
PROBE instead formulates an explicit prospective query for the creator of Superstore, retrieves the answer-bearing

page, and answers Justin Spitzer in two retrieval hops.

tion. To avoid speculative queries contaminating
answer generation, PROBE applies context denois-
ing, excluding prospective queries from the gen-
eration context. To optimize the retriever using
self-generated trajectories, we further introduce
Oracle-Based End-Goal Distillation. Rather than
enforcing step-wise supervision, this method dis-
tills cross-encoder ranking signals only from the
final hop of resolved trajectories, where the query
already encodes the accumulated reasoning context
and search intent. This provides trajectory-level
supervision while preserving early exploration and
enables reranker-free inference.

We evaluate PROBE on three multi-hop ques-
tion answering benchmarks: MuSiQue, 2WikiMul-
tiHopQA, and HotpotQA. PROBE consistently im-
proves both retrieval quality and QA performance
over strong iterative baselines, showing that model-
ing forward-looking search intent with trajectory-
level distillation helps discover missing bridging ev-
idence and construct more reliable reasoning paths.

Our key contributions are as follows:

* We propose PROBE, which decouples the
reasoning state into a factual summary and a
prospective query with context denoising to
guide forward-looking retrieval.

* We introduce Oracle-Based End-Goal Dis-
tillation, transferring cross-encoder signals at
the final hop to provide trajectory-level super-
vision while preserving early exploration.

* Trained from 15K HotpotQA source ques-
tions, PROBE generalizes to unseen bench-
marks and achieves strong performance with-
out dataset-specific retriever training.

2 Related Work

Iterative Retrieval and Reasoning Chains. Multi-
hop Question Answering (MHQA) necessitates re-
trieving evidence chains that are not immediately
accessible via simple similarity matching (Xiong
etal.,2021b; Yang et al., 2018). To address this, the
dominant paradigm has shifted towards iterative
Retrieval-Augmented Generation (RAG), where
an LLM actively interacts with a retriever. Sem-
inal works like IRCoT (Trivedi et al., 2023) and
Iter-Retgen (Shao et al., 2023) interleave reasoning
steps with retrieval, using the LLM to formulate
queries based on partial context. FLARE (Jiang
et al., 2023) further introduces forward-looking re-
trieval by predicting upcoming content and retriev-
ing evidence for low-confidence spans. Building on
this, agentic frameworks such as Self-RAG (Asai
et al., 2024), Adaptive-RAG (Jeong et al., 2024),
and Adaptive-Note (Wang et al., 2024) introduce
inference-time mechanisms—including dynamic
routing, self-reflection, and note-taking—to filter
noise and manage retrieval termination. Recent
work has further strengthened multi-step retrieval
control through explicit planning and evidence
management. STRIDE (Chen et al., 2026) co-

31495



ordinates dependent retrieval and reasoning steps
through explicit planning and supervision, while
PAR2-RAG (Li et al., 2026) combines broad evi-
dence exploration with subsequent refinement un-
der evidence-sufficiency control. A parallel line
of work trains the LLM itself via reinforcement
learning to adaptively decide when and what to
retrieve, including Search-R1 (Jin et al., 2025), Re-
Search (Chen et al., 2025) and LeTS (Zhang et al.,
2025). Across these approaches, improvements
largely come from changing how retrieval is formu-
lated or controlled while leaving the retriever itself
fixed. In contrast, our work directly optimizes the
retriever for multi-hop reasoning, asking whether
stronger retriever training can reduce the reliance
on inference-time heuristics.

Dense Retriever Training and Alignment.
Prior work improves dense retrieval through su-
pervised training with labeled query-document
pairs (Karpukhin et al., 2020; Xiong et al., 2021a)
or unsupervised pretraining (Izacard et al., 2022).
More recent methods derive supervision from lan-
guage models. REPLUG (Shi et al., 2024), AT-
LAS (Izacard et al., 2023), and ExpandR (Yao et al.,
2025) couple retriever learning with LLM-derived
objectives. Other work uses LLMs as embedding or
ranking models (Zhang et al., 2023; Pradeep et al.,
2023); Intermediate Distillation (Li et al., 2024)
transfers ranking signals from black-box LLMs,
while Syntriever (Kim and Baek, 2025) uses LLM-
synthesized data and ranking preferences for re-
triever training. However, these methods are not
designed for iterative multi-hop retrieval, where su-
pervision targets evolve with the reasoning trajec-
tory and are therefore path-dependent. In MHQA,
ReSCORE (Lee et al., 2025) derives step-wise
retriever supervision from LLM generative like-
lihoods, scoring documents by their ability to gen-
erate the original question and final answer. Such
supervision can favor answer-bearing documents
while undervaluing bridging evidence that supports
later reasoning. PROBE instead applies cross-
encoder supervision only at the final hop, where the
information need is more fully specified, provid-
ing trajectory-level alignment without constraining
intermediate exploration.

3 Methodology

3.1 Problem Formulation and Overview

Given a multi-hop question () and a document cor-
pus D = {dy,...,dn}, the goal is to produce an

exact answer A by reasoning over a chain of evi-
dence. We adopt the iterative RAG setting (Trivedi
et al., 2023; Lee et al., 2025), where at each hop i,
the retriever selects candidate documents from D
conditioned on the current reasoning state, which is
updated by integrating the retrieved evidence. This
process repeats during iterative reasoning until the
generator produces a final answer or a maximum
of N thought-generation rounds is reached.

Within this setting, a central challenge is how to
train a dense retriever that remains highly effective
in complex multi-hop scenarios. PROBE addresses
this objective with a two-stage pipeline, illustrated
in Figure 2. In the first stage (Section 3.2), we con-
struct training trajectories by guiding the reason-
ing process to both consolidate verified evidence
and anticipate the next missing piece of informa-
tion. In the second stage (Section 3.3), we train
a lightweight Bi-Encoder on these trajectories via
Oracle-Based End-Goal Distillation, transferring
cross-encoder signals exclusively at the final hop to
preserve early exploratory freedom. At inference
time, PROBE operates efficiently using only the
tuned Bi-Encoder and reasoning module, requiring
no expensive reranking.

3.2 Prospective Query-Guided Reasoning
with Context Denoising

Following ReSCORE (Lee et al., 2025), we con-
struct training data by generating reasoning trajec-
tories over the training set without manual annota-
tion, where the model iteratively extracts verified
evidence at each hop and appends it to the next
query. However, a key limitation of this design is
that the reasoning state only summarizes discov-
ered evidence without anticipating what informa-
tion is still missing. Consequently, queries remain
anchored to accumulated context rather than explor-
ing bridging entities. PROBE addresses this issue
by separating the reasoning state into two distinct
components. A factual summary s; consolidates
verified evidence for answer generation, while a
prospective query ¢?*' anticipates the next missing
information to guide retrieval.

Thought State Formulation. At hop ¢, the
system maintains a thought state 7,7 =
{t1,...,ti-1} (T = 0), where each thought ¢;
is a structured tuple:

=1 (D)

tj:<8j, q;)ext>7 j=1,...
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Stage1: Trajectory Collection via Prospective Reasoning
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Figure 2: Overview of the PROBE framework. Stage 1 (Trajectory Collection): During iterative reasoning, the
LLM decouples its thoughts into a factual Summary and an exploratory Prospective query. To prevent speculative
search intent from contaminating answer generation, prospective queries are excluded from the reader context.
Stage 2 (End-Goal Distillation): Using resolved trajectories, the dense retriever is optimized via Margin-MSE to
distill Cross-Encoder ranking signals exclusively at the final hop. At inference time, the Reranker is completely

discarded, yielding an efficient, rerank-free pipeline.

Here s; € S is a summary of facts verified from
the documents retrieved at hop 7, and q;‘e’“ € Qis
a self-contained search directive that anticipates the
next missing piece of bridging information. Criti-
cally, these two components are generated jointly
in a single LLM pass but consumed by different
downstream modules, as described next.

Step 1: Retrieval. At each hop, we retrieve docu-
ments using a search query. At the first hop (z = 1),
the query is simply the original question (). For
later hops (i > 1), the query concatenates () with
all previously generated components, yielding

search __

¢ = [Qlsilad™ - [Isim1 | 6] @
where || denotes string concatenation. This design
ensures that historical summaries anchor the search
in verified facts, while the latest prospective query
¢’ explicitly targets missing evidence. The Bi-
Encoder first retrieves a candidate pool C; C D,
which is reranked by a Cross-Encoder. We retain
a reranked candidate set (Z C C; together with its
relevance scores for subsequent distillation, while
a smaller top-ranked subset D; C Ciis provided to
the LLM for answer and thought generation.

Step 2: Context Denoising for Answer Genera-
tion. Given D;, the LLM attempts to answer ().
However, directly using the full thought state as
context risks exposing speculative hypotheses to
the generator. We therefore filter out all prospective
queries, retaining only fact-grounded summaries:

A~

Ai :LLM(Q, {81,...,81',1}, Dz) (3)
where A; is either a predicted answer string or
Unknown. If the reader produces a non-Unknown
answer, the trajectory terminates; otherwise, the
system proceeds to thought generation and the next

retrieval round.

Step 3: Thought Generation and Query Refor-
mulation. When Unknown is returned, the LLM
generates the next structured thought:

<Si7 q?em> = LLM(Qv j_li—la Dl) (4)

The thought state is updated as T; = T;_1 U {¢t;},

and the process loops back to Step 1 with ¢**

(2
driving the next retrieval hop, continuing until the
LLM produces a final answer or the maximum of
N thought-generation rounds is reached.
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3.3 Oracle-Based End-Goal Distillation

Given the collected trajectories, the second stage
trains a lightweight Bi-Encoder retriever to en-
able efficient inference. In multi-hop retrieval, in-
termediate supervision can be unreliable because
early queries often capture only partial information
needs. Furthermore, relevance scores derived from
rerankers or LLMs may struggle to consistently
determine the utility of a document at these early
stages, especially when intermediate targets are
ambiguous and path-dependent. By contrast, the
final hop I incorporates the accumulated reasoning
context and search intent along the trajectory, yield-
ing a more fully specified information need. We
therefore apply Cross-Encoder supervision exclu-
sively at this final stage. By utilizing qﬁemh as the
trajectory-aware query, this approach shifts the op-
timization paradigm from noisy step-wise imitation
to trajectory-level alignment.

Teacher Signal Construction. For each resolved
trajectory, we extract teacher signals exclusively
from its final hop I. We define the distillation candi-
date set as Dcang = C 1, 1.e., the reranked candidate
pool retained during trajectory collection. The cor-
responding precomputed Cross-Encoder scores are
directly used as teacher relevance scores:

7+(3?, d) = CrossEncoder(¢3*® @ d) (5)
where @ denotes sequence concatenation, ¢ denotes
the teacher model, and d denotes a document. To
filter ambiguous signals, we retain only instances
where the score margin between the top-1 (d™)
and top-2 (d—) documents within D.,,q exceeds a
threshold €, requiring

rt(qﬁearch7 d+) —ry (qﬁearch’ d—) > e (6)

Margin-MSE Distillation.
Encoder defines relevance as

The student Bi-

T (qﬁearch’ d) — EQ (qﬁearch)TED (d) (7)

where 74 (+) denotes the student relevance computed
via inner product, where s denotes the student
model, and Eq, Ep are the query and document en-
coders. To transfer continuous ranking preferences,
we define the score margin for any document pair
(dy,dy) under model m € {s,t} as

O (dus o) = T (g7, du) — 7 (g7, do)
®)

over the set of document pairs P formed from
Dcang, yielding

L=—

|73| Z (5S(dm dv) - 5t(du7 dv))2

(du,dy)EP
)

At inference time, the trained Bi-Encoder is ap-
plied at every reasoning hop to iteratively retrieve
candidate documents. Despite being trained only
with final-hop supervision, the retriever general-
izes well to intermediate hops, as final-hop queries
capture a more fully specified representation of
the information need. Consequently, the learned
relevance function can transfer to earlier, partially
specified hops while avoiding direct optimization
on noisy and ambiguous intermediate supervision.
We validate this empirically in Section 4.3.

4 Experiments

4.1 Settings

Datasets. We conduct experiments on three
popular multi-hop question answering (MHQA)
benchmarks: HotpotQA (Yang et al.,, 2018),
MuSiQue (Trivedi et al., 2022), and 2WikiMulti-
HopQA (Ho et al., 2020). Each dataset contains
questions that require composing evidence across
multiple documents, making them suitable for eval-
uating iterative retrieval and multi-hop reasoning.
Following prior iterative-RAG setups (Trivedi et al.,
2023; Jeong et al., 2024; Lee et al., 2025), we run
evaluation on subsampled versions of the valida-
tion sets and their corresponding retrieval databases.
Importantly, while these datasets provide ground-
truth (GT) supporting document labels, we do not
use GT labels for training our retriever.

Baselines. We compare PROBE against base-
lines from two categories. Methods without re-
triever training rely on inference-time strategies
to improve iterative retrieval and reasoning, includ-
ing ReAct (Yao et al., 2023), FLARE (Jiang et al.,
2023), Self-RAG (Asai et al., 2024), Adaptive-
Note (Wang et al., 2024), IRCoT (Trivedi et al.,
2023), Adaptive-RAG (Jeong et al., 2024), and
STRIDE (Chen et al., 2026), which explicitly co-
ordinates dependent retrieval and reasoning steps.
Search-R1 (Jin et al., 2025) further trains the
LLM via reinforcement learning to adaptively issue
search queries. Methods with retriever training
are represented by ReSCORE (Lee et al., 2025),
which provides step-wise supervision using LLM
likelihoods to score intermediate documents by
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MuSiQue HotpotQA 2WikiMHQA AVG
Method EM F1 EM Fl1 EM F1 EM F1
Methods without Retriever Training
ReAct (GPT-3.5+4BM25)7 102 19.7 36.0 469 28.0 37.3 247 34.6
FLARE (GPT-3.5+BM25)t 11.2 187 364 478 31.8 42.8 26.5 364
Self-RAG (GPT-3.5+BM25)t 10.6 19.2 338 444 244 30.8 229 315
Adaptive-Note (GPT-3.5+BM25)7 132 242 456 58.4 432 54.2 34.0 45.6
IRCoT (Flan-T5-XL+BM25)t 22.0 31.8 444 562 49.7 54.9 38.7 47.6
Adaptive-RAG (Flan-T5-XL+BM25)t 23.6 31.8 420 538 40.6 49.8 354 45.1
Search-R1 (Qwen2.5-7B+Contriever)i 244 340 524 649 544 63.0 437 54.0
STRIDE (Qwen3-8B+Contriever)x 24.6 336 494 594 57.0 65.6 437 52.9
Methods with Retriever Training
ReSCORE (Llama-3.1-8B+Contriever, 278K§)T 234 327 472 593 50.0 59.7 40.2 50.6
Our Framework
Untrained Baseline (Llama-3.1-8B+BM25) 21.2 31.6 458 58.7 532 60.7 40.1 50.3
Untrained Baseline (Llama-3.1-8B+Contriever) 204 309 480 60.8 52.2 61.7 40.2 51.1
PROBE (trained Contriever, 15K) 25.0 345 534 66.7 59.2 67.6 459 56.3

Table 1: Comparison with iterative RAG systems on three MHQA benchmarks. | Results reported by
ReSCORE (Lee et al., 2025); 1 reproduced by us using FlashRAG?; * reproduced by us using the official implemen-
tation of STRIDE. ¥ ReSCORE trains dataset-specific retrievers on the full training sets, whereas PROBE trains a
single retriever from 15K HotpotQA source questions. Bold and underline denote the best and second-best results.

their ability to generate both the original question
and the final answer.

Metrics. We report Exact Match (EM) and F1
using official answer-level evaluation scripts pro-
vided in each dataset. To evaluate retrieval quality
within an iterative setting, we additionally report
multi-hop recall at k (MHR; @k), defined as the
cumulative recall of supporting documents across
the first ¢ iterations:

DN U3:1 Dj

MHR; @k = ,
D¥|

(10)

where D* is the set of ground-truth supporting doc-
uments and D; ;. denotes the top- retrieved docu-
ments at retrieval hop j.

Implementation Details. We use Con-
triever (Izacard et al., 2022) pre-trained on
MS-MARCO (Nguyen et al., 2016) as the base
retriever, and train the question encoder using
trajectories collected from a 15K subset of
HotpotQA. Relevance supervision is provided
by BAAI/bge-reranker-v2-m3 (Chen et al.,
2024), which is used only for offline trajectory
synthesis and retriever distillation. =~ We use
Llama-3.1-8B-Instruct (Team, 2024) as the
reader. During inference, PROBE starts with
one initial retrieval and allows up to N = 6

thought-generation rounds when the reader outputs
Unknown. Each thought triggers one additional
retrieval, resulting in at most N 4 1 = 7 retrieval
calls in total. The Cross-Encoder reranker is
entirely removed at inference time. Detailed
hyperparameters, computational cost, prompt
templates, and trajectory filtering procedures are
provided in Appendix A and B.

4.2 Main Results

Comparison with State-of-the-Art Methods.
Table 1 compares PROBE with strong iterative re-
trieval and reasoning baselines. PROBE achieves
the best EM and F1 scores across all three MHQA
benchmarks, as well as the best average perfor-
mance. Among methods without retriever train-
ing, PROBE outperforms both inference-time re-
trieval strategies such as ReAct, FLARE, IRCoT,
and Adaptive-RAG, as well as stronger multi-step
reasoning methods such as Search-R1 and STRIDE.
These consistent gains suggest that directly adapt-
ing the dense retriever to multi-hop information
needs provides benefits beyond improving retrieval
control with a fixed retriever. Among methods
with retriever training, PROBE also outperforms
ReSCORE, the most directly comparable baseline
using automatically derived supervision. This sup-
ports our motivation for avoiding step-wise gen-
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erative supervision and instead transferring Cross-
Encoder ranking signals at the final hop, where
the information need is more fully specified. The
untrained variants with BM25 and off-the-shelf
Contriever show that the prospective reasoning
pipeline is already competitive without retriever
tuning. Replacing the off-the-shelf Contriever with
the distilled retriever further improves performance,
yielding the strongest overall results. Since Table 1
follows the original or reproduced configurations
of different systems, we provide an effectiveness—
efficiency comparison under a controlled evalu-
ation setup, including per-query latency, in Ap-
pendix C.6.

4.3 Ablation Study

To validate the effectiveness of our design choices,
we conduct ablations focusing on (i) the role-
decoupled reasoning components (Factual Sum-
mary and Prospective Query), (ii) the impact of
end-goal distillation, and (iii) the training signals
used for retriever optimization.

Effectiveness of Core Components. Table 2 re-
ports the contribution of each design component in
PROBE. Compared with the vanilla iterative RAG
baseline, incorporating the Prospective Query
(PQ) yields consistent improvements across all
datasets by restoring the retriever’s ability to ex-
plore missing information needs. Further combin-
ing PQ with the Factual Summary (Sum. + PQ)
leads to additional gains on multiple benchmarks,
as the summary preserves established context while
PQ explicitly models future information needs. On
MuSiQue, however, PQ alone slightly outperforms
the full Sum. + PQ pipeline. We attribute this to its
compositional design, where exact entity mentions
can be beneficial for subsequent retrieval, and sum-
marization may occasionally smooth such signals.
Overall, the full pipeline remains the most robust
configuration across benchmarks.

Distillation Strategy. As shown in Table 2,
strategies incorporating intermediate-hop supervi-
sion (Inter-hop and All-hop) generally achieve the
highest retrieval recall (MHR), yet this does not
translate into better QA performance. On Hot-
potQA, where two-hop chains are relatively short
and intermediate targets closely resemble the final
retrieval objective, Inter-hop distillation performs
comparably to Final-hop. However, on MuSiQue

2https://github.com/RUC-NLPIR/FlashRAG

Components QA MHR, @8

Sum. PQ Dist. EM F1 7=
MusSiQue

112 18.0 48.0 48.7
19.0 285 585 59.3
212 311 576 59.1
204 309 60.5 61.5
Inter-hop 232 328 69.2 69.8
Final-hop 25.0 345 675 68.3
All-hop 246 343  69.7 70.0

HotpotQA

36.0 49.0 642 64.9
440 581 768 774
452 579 713 71.5
48.0 608 783 79.0
Inter-hop 53.8 66.1 86.8 87.3
Final-hop 53.4 66.7 85.8 85.9
All-hop 51.8 647 86.8 86.9

i = final

AN NN
SSNSNSNSIXx %
x X% X X

AN N N
SSSSSNSUX%x X%
x X X X

2WikiMultiHopQA
X 354 420 60.7 62.3
X 440 525 759 76.3
X 450 539 758 71.1
X 522 61.7 795 80.4

Inter-hop 544 629 922 922
Final-hop 592 67.6 90.6 90.9
All-hop 564 645 93.0 93.0

AN NN R
AN NN

Table 2: Ablation study on PROBE’s core compo-
nents. Sum. and PQ denote the Factual Summary and
Prospective Query modules respectively. Dist. indicates
the retriever distillation strategy: Inter-hop supervises
only intermediate hops, Final-hop supervises only the fi-
nal hop, and All-hop combines distillation signals from
both intermediate and final hops.

and 2WikiMHQA, where reasoning chains are
longer and admit multiple valid intermediate paths,
Inter-hop distillation becomes suboptimal, degrad-
ing both EM and F1 relative to Final-hop distil-
lation. We attribute this to the ambiguous and
path-dependent nature of intermediate supervision.
Complex questions often admit multiple valid rea-
soning trajectories, making intermediate retrieval
targets non-unique. Supervising the retriever on
specific intermediate documents therefore encour-
ages it to overfit to a single reasoning path, intro-
ducing noisy signals that are weakly aligned with
the underlying information need. In contrast, final-
hop distillation avoids directly supervising these
ambiguous intermediate targets. At the final hop,
the accumulated reasoning context and search in-
tent more fully specify the information need, en-
abling the Cross-Encoder to provide a more stable
ranking signal. This yields trajectory-level super-
vision without committing the retriever to a par-
ticular intermediate retrieval target. All-hop distil-
lation partially mitigates this by combining both
signals, yet residual interference from intermediate
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QA MHR;Q8 earlier retrieval hops over the untrained retriever,
Label EM F1 i=1 i=2 i=final  gyooesting that the learned relevance preferences
MuSiQue remain useful for partially specified intermediate
None 204 309 48.0 60.5 61.5 queries.
GT 23.0 327 46.0 57.8 58.7
Puu(a|g,d) 220 31.8 474 614 62.4 4.4 Generality of the Distilled Retriever
PROBE 25.0 345 51.6 67.5 68.3
HotpotQ A HotpotQA ZWikiMHQA
None 480 608 642 783 79.0 8o 18T il
GT 492 622 63.5 78.9 79.8 60 4 60| e
Pu(a|q,d) 498 626 605 771 77.1 wl 1wl |
PROBE 534 66.7 68.4 85.8 85.9
20 - 20 -
2WikiMHQA I I
0 0
None 522 61.7 60.7 79.5 80.4 © ?\c ?\u @@? m\ @7- @c‘?
GT 562 646 639 851 85.6 MuSiQue
P(a|q,d) 522 600 61.1 824 82.7 ot L ;
PROBE 592 676 663 90.6 90.9

Table 3: Comparisons of different supervision signals
for fine-tuning retrievers on three MHQA bench-
marks. None denotes the base retriever without ad-
ditional fine-tuning. GT uses binary relevance la-
bels. Pim(a | g,d) uses soft labels derived from the
LLM’s conditional answer likelihood given a question—
document pair. PROBE uses soft relevance scores pro-
duced by a Cross-Encoder reranker.

hops still degrades QA accuracy on most bench-
marks. These results suggest that high intermediate
retrieval recall alone does not guarantee better QA
performance; what matters more is retrieving the
right evidence when the information need becomes
sufficiently complete.

Impact of Supervision Signals. Table 3 vali-
dates the choice of supervision signal for retriever
training. PROBE uses Cross-Encoder (CE) rerank-
ing scores over the trajectory-aware query qsearCh
providing graded relevance signals for fine-grained
document ranking. In contrast, GT supervision
treats all annotated supporting documents as posi-
tives for the original question, ignoring their hop-
specific roles in the reasoning chain. This intro-
duces supervision ambiguity in MHQA, where dif-
ferent evidence documents may correspond to dif-
ferent intermediate information needs. Generation-
based soft labels from LLM likelihoods are also
noisy, as they can conflate document relevance with
the generator’s calibration and parametric knowl-
edge. By distilling trajectory-aware CE scores,
PROBE provides a cleaner retrieval-oriented signal
and achieves stronger performance than these al-
ternatives. Notably, despite using supervision only
from the final hop, PROBE also improves MHR at

60 | = Iter-Retgen

= +PROBE (IR)
[ N — IRCoT
wl I | = +PROBE (IC)
. || |
R

\ n
?~@ ?~@ ‘{@?

IS

Figure 3: Generality analysis. EM and F1 denote QA
performance, while RQi denotes multi-hop retrieval
recall (MHR; @8) at hop :. RQF denotes MHR @8 at
the final retrieval step.

To evaluate whether the distilled retriever gen-
eralizes across different iterative RAG pipelines,
we integrate it into several strong baselines, in-
cluding Iter-Retgen and IRCoT. All methods are
re-implemented using Llama 3.1 and Contriever
within the FlashRAG framework, with correspond-
ing hyperparameters detailed in section A. To iso-
late the retrieval impact, we instantiate these base-
lines with an untrained Contriever and compare
them against our distilled model, leaving the orig-
inal control logic unchanged. As shown in Fig-
ure 3, substituting the standard retriever with our
model consistently improves both retrieval recall
and downstream QA performance across all base-
lines. These results suggest that the relevance sig-
nals learned through our training objective trans-
fer robustly across different reasoning frameworks
within the same corpus, indicating strong within-
domain generalization rather than reliance on a
specific reasoning pipeline.

We provide additional evidence in Appendix C
and Appendix D to further assess the robustness,
efficiency, and limitations of PROBE. We evaluate
single-hop QA generalization and study query for-
mulation strategies to isolate the effect of prospec-
tive queries. We further examine recovery from
imperfect early retrieval states, as well as query
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truncation and sensitivity to the distillation margin
threshold. A controlled effectiveness—efficiency
comparison covers closed-book, single-pass RAG,
and iterative retrieval baselines, together with an
analysis of rerank-free inference. We additionally
evaluate generalization across different LLM back-
bones. Finally, we provide case-level failure and
trajectory analyses to characterize remaining errors
and discuss future directions.

5 Conclusion

In this paper, we propose PROBE, a retriever-
training framework that uses prospective retrieval
to adapt dense retrievers to multi-hop question an-
swering. By decoupling the reasoning state into a
factual summary and a prospective query, PROBE
separates exploratory search intent from grounded
answer generation. To train the retriever without
suppressing early exploration, we introduce Oracle-
Based End-Goal Distillation, which transfers cross-
encoder ranking signals exclusively at the final hop
to provide trajectory-level supervision. Extensive
experiments on three MHQA benchmarks demon-
strate that PROBE outperforms prior methods by
consistent margins. We hope our work inspires
future research on retriever alignment for iterative
reasoning systems.

Limitations

While PROBE demonstrates consistent improve-
ments across three standard MHQA benchmarks,
its evaluation remains limited by the current bench-
mark setting. Most existing MHQA datasets are
built from curated Wikipedia-style corpora with
well-formed questions, which may not fully capture
real-world multi-hop information-seeking scenar-
ios involving noisy heterogeneous sources, under-
specified queries, evolving documents, and domain-
specific terminology. Thus, although PROBE is
effective under widely used MHQA protocols, eval-
uating iterative retrieval methods on more realistic
multi-hop benchmarks remains an important direc-
tion for future work. PROBE also introduces addi-
tional inference complexity compared with single-
pass retrieval systems, since each reasoning hop
requires an independent retrieval call. Moreover, its
offline trajectory synthesis stage relies on a power-
ful LLM and Cross-Encoder, resulting in additional
pre-deployment cost. Future work may explore
more efficient synthesis strategies, trajectory cor-
rection mechanisms, and benchmarks that better

reflect practical multi-hop retrieval scenarios.

Ethics Statement

This study uses publicly available QA bench-
marks, including MuSiQue, 2WikiMultiHopQA,
HotpotQA, Natural Questions, TriviaQA, and
SQuAD. We follow the dataset-specific licenses
and terms of use for all datasets and pretrained
model artifacts used in this work. All resources
are used only for research-oriented training and
evaluation of retrieval-augmented question answer-
ing. We do not collect new human-subject data or
perform deanonymization. For personally identi-
fying or offensive content, we rely on the public
curation and documentation of these established
QA benchmarks, while acknowledging that web-
or Wikipedia-derived resources may still contain
biases, outdated information, or other problematic
content. We ensure consistency in training and
evaluation conditions to support fair comparisons.
Nevertheless, the underlying language models and
retrievers may still propagate biases or hallucinate
incorrect answers when exposed to incomplete or
unreliable evidence. We therefore view PROBE
as a research system rather than as a deployable
system for high-stakes applications.
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A Experimental Details and
Hyperparameters

Hyperparameters for the baseline methods follow
their original papers or accompanying codebases
whenever possible, with minor adjustments for sta-
ble reproduction. Table 4 reports the final configu-
rations. For PROBE, we keep the iterative settings
consistent with the compared methods unless oth-
erwise specified.

In Table 4, Max Tokens denotes the maximum
generation length, Temperature (7") denotes the
decoding temperature, with method-specific values
following the corresponding configurations, Top-
k is the number of retrieved documents provided
at each iteration, Max Step defines the maximum
number of thought-generation rounds after the ini-
tial retrieval, and Max Fail is the retry limit for
invalid model outputs.

A.1 Datasets and Evaluation Metrics

We evaluate on three Wikipedia-based MHQA
benchmarks: HotpotQA (Yang et al., 2018),
2WikiMultiHopQA (Ho et al., 2020), and
MuSiQue (Trivedi et al., 2022). Following prior
iterative-RAG evaluations (Trivedi et al., 2023;
Jeong et al., 2024; Lee et al., 2025), we use the orig-
inal Wikipedia corpus for HotpotQA and construct
corpora from the provided contexts for 2WikiMul-
tiHopQA and MuSiQue. For each MHQA dataset,
we tune hyperparameters on 100 randomly sampled
development examples and evaluate on another 500
randomly sampled examples. For supplementary
single-hop QA evaluation, we further use Natu-
ral Questions (Kwiatkowski et al., 2019), Trivi-
aQA (Joshi et al., 2017), and SQuAD (Rajpurkar
et al., 2016). We follow the same evaluation proto-
col and evaluate each single-hop dataset on 500 ran-
domly sampled examples. We report Exact Match
(EM) and F1 for answer quality. For multi-hop
retrieval, we additionally report Multi-Hop Recall
(MHR), which measures the cumulative coverage
of gold supporting documents across the reasoning
trajectory.

A.2 Training Hyperparameters

We fine-tune only the question encoder of Con-
triever and keep the document encoder frozen.
To improve the quality of distillation signals, we
discard training instances whose top-pair Cross-
Encoder score margin is below € = 0.0001. The
retriever is optimized with AdamW using a learn-

Max Top Max Max
Tokens T k Step  Fail
FLARE 256 0. 8 -
Self-RAG 128 0. 8 6 -
Adaptive-Note 128 0.1 5 3 1
Iter-Retgen 128 0. 8 6 -
IRCoT 128 0. 8 6
ReSCORE 64 0. 8 6
Search-R1 1024 0. 3 6 -
STRIDE 512 0.8 3 5 2
PROBE 128 0. 8 6 -

Table 4: Hyperparameters used for reproducing each
method.

ing rate of 1 x 10~°, weight decay 0.01, batch size
32, 8 gradient accumulation steps, warmup ratio
0.1, and gradient clipping norm 1.0. We train for
20 epochs.

A.3 Computational Cost

PROBE incurs offline cost for trajectory synthesis
and retriever distillation, but these components are
not used during deployment. Starting from 15K
HotpotQA training questions, trajectory synthesis
and filtering take approximately 15 hours using
two RTX 3090 GPUs for LLM inference and one
additional GPU for retrieval/reranking. Retriever
distillation takes 147 minutes on a single RTX 3090
with 20 epochs, batch size 32, and 8 gradient accu-
mulation steps.

Table 5 summarizes the cost breakdown. At in-
ference time, PROBE directly uses the distilled
bi-encoder retriever and the reader model, with-
out trajectory synthesis, Cross-Encoder scoring,
self-reflection, or branch-level aggregation. Thus,
PROBE trades a moderate one-time offline cost for
a lightweight online pipeline.

B Details of the PROBE Framework

This section provides implementation details for
PROBE, including the inference prompts, trajec-
tory filtering, and retriever distillation setup.

B.1 Inference and Reasoning Prompts

PROBE uses two prompts during iterative reason-
ing. The Thought Generation Prompt is invoked
when the current evidence is insufficient to answer
the question. It takes the original question, pre-
vious thoughts, and newly retrieved documents
as input, and outputs a structured thought con-
taining a Factual Summary and a Prospective
Query (¢"*"). The summary records verified ev-
idence, while the prospective query specifies the
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Stage Resource Time / Scale Inference
Silver trajectory synthesis 2 RTX 3090 for LLM inference; 15K initial questions; ~15 hours No

1 GPU for retrieval/reranking
Retriever distillation 1 RTX 3090 147 minutes; 20 epochs No
PROBE inference 2 RTX 3090 for LLM inference; 3.27s/query on average Yes

1 GPU for retrieval

Table 5: Computational cost of PROBE. Offline synthesis and distillation are performed once before deployment.

next missing information to retrieve. The Answer
Generation Prompt determines whether the re-
trieved evidence is sufficient for answering. To
avoid speculative information affecting the final
prediction, PROBE removes prospective queries
from the answer-generation context and only keeps
retrieved documents and factual summaries. If the
reader deems the evidence sufficient, it outputs a
final answer; otherwise, it returns Unknown and
continues to the next retrieval step. Full prompts
are shown in Figure 4 and Figure 5.

B.2 Training Trajectory Collection and
Filtering

We sample 15K HotpotQA training questions and
run the PROBE reasoning pipeline without man-
ual annotation, producing 31,396 raw trajectories.
We then keep only trajectories that reach a non-
Unknown final answer, yielding 14,770 resolved
trajectories. Finally, we apply the Cross-Encoder
margin filter with e = 0.0001, retaining 12,738
training instances for retriever distillation.

B.3 Oracle-Based End-Goal Distillation Setup

Unlike prior step-wise frameworks that rely on
noisy LLM generation probabilities for interme-
diate retrieval supervision, PROBE utilizes an of-
fline Cross-Encoder to provide highly accurate,
margin-based relevance signals. For the offline dis-
tillation phase, we use a powerful Cross-Encoder
(BGE-Reranker-v2-M3) as the reranking teacher.

The distillation setup involves two key compo-

nents.

* Cross-Encoder Scoring. At each retrieval hop,
Contriever/FAISS first retrieves the top-128
candidates. BGE-Reranker-v2-M3 reranks
this pool and retains the top 32 documents
together with their scores. The top 8 reranked
documents are provided to the LLM for an-
swer and thought generation, while all 32 doc-
uments are stored for subsequent retriever dis-
tillation. At the final resolved hop, these 32
documents constitute De.pq.

* Margin-MSE Optimization. For each final-
hop query, we compute pairwise score differ-
ences over the retained M = 32 candidate
documents using the teacher model. The stu-
dent Bi-Encoder is then optimized via Mean
Squared Error to match these pairwise teacher
margins.

By applying this distillation exclusively at the final
hop, PROBE successfully transfers trajectory-level
ranking capabilities to the dense retriever with-
out penalizing the exploratory nature of early-hop
prospective queries.

C Additional Experimental Results

This section reports supplementary evaluations of
PROBE’s design choices, robustness, efficiency,
and generalization.

C.1 Generalization Beyond Multi-Hop QA

The main experiments focus on iterative MHQA,
but we also evaluate whether PROBE’s retriever
training harms single-hop QA performance. We
test on Natural Questions (NQ) (Kwiatkowski
et al., 2019), TriviaQA (Joshi et al., 2017), and
SQuAD (Rajpurkar et al., 2016), using the same
open-domain evaluation setting for all compared
methods.

For this evaluation, we use the corresponding im-
plementations integrated in FlashRAG?. LLM in-
ference is served with vLLM*, processing one query
at a time to avoid request-level batching effects.
Unless otherwise specified, we use two RTX 3090
GPUs for LLM inference and one additional RTX
3090 GPU for retrieval or reranking. For SELF-
RAG and Search-R1, we use the trained check-
points released or specified by their original papers
and run them through the corresponding imple-
mentations integrated in FlashRAG. IRCoT also
uses the implementation integrated in FlashRAG.
PROBE is rerun under the same setup.

Shttps://github.com/RUC-NLPIR/FlashRAG
*https://github.com/vllm-project/v1llm

31506


https://github.com/RUC-NLPIR/FlashRAG
https://github.com/vllm-project/vllm

Table 6 distinguishes two PROBE variants.
PROBE trained uses the distilled Contriever
trained on 12,738 retained final-hop instances gen-
erated from 15K HotpotQA source questions, while
PROBE untrained keeps the same reasoning and
query formulation pipeline but replaces the re-
triever with off-the-shelf Contriever.

As shown in Table 6, PROBE trained is consis-
tently comparable to or better than PROBE un-
trained. The gains are small on NQ and Trivi-
aQA, where one retrieval step is often sufficient,
but clearer on SQuAD. These results suggest that
final-hop distillation does not sacrifice single-hop
QA ability, although PROBE’s primary advantage
remains in iterative multi-hop retrieval.

C.2 Effect of Query Formulation Strategies

Table 7 compares different query reformulation
strategies. Naive query rewriting (LLM-rewrite)
is prone to semantic drift because fluent rewritten
queries may over-commit to unverified hypotheses
from partial evidence. Thought-concat reduces
this risk by retaining the original question in later
queries, but long concatenated contexts can dilute
the search intent. PROBE performs best by main-
taining a fact-grounded summary while generating
an explicit next-hop query for the remaining infor-
mation need. Context denoising further prevents
speculative query content from entering answer
generation.

C.3 Recovery from Imperfect Retrieval States

Final-hop distillation is learned from resolved tra-
jectories, whereas inference may encounter incom-
plete or misleading evidence states at earlier hops.
This creates a potential train—inference mismatch:
although supervision is obtained only from final-
hop queries, the trained retriever must still operate
on partially specified intermediate queries. We
therefore examine whether PROBE can recover
after an imperfect first-hop retrieval rather than re-
quiring the reasoning trajectory to remain on an
ideal path.

For each question, we compute cumulative
MHR @8 as the fraction of gold supporting doc-
uments contained in the union of top-8 results re-
trieved up to hop 7. We focus on trajectories whose
first hop does not recover the complete supporting
set. We define retrieval recovery as any increase
in cumulative MHR @8 after the incomplete first
hop. Full-chain recovery requires the final cumu-
lative MHR @8 to reach 1, while semantic answer

recovery additionally requires the recovered trajec-
tory to produce a semantically correct final answer.
Together, these criteria distinguish partial evidence
recovery, complete supporting-chain reconstruc-
tion, and recovery that ultimately leads to a correct
answer.

As shown in Table 8, PROBE recovers addi-
tional supporting evidence in 62.7% of initially in-
complete trajectories and reconstructs the complete
supporting chain in 50.9% of them. Its seman-
tic answer recovery rate reaches 37.1%, indicat-
ing that the recovered evidence also contributes to
successful downstream answering. PROBE consis-
tently outperforms both the untrained retriever with
inference-time reranking and ReSCORE across all
three criteria. These results suggest that final-hop
distillation does not restrict the retriever to well-
resolved states: the learned relevance preferences
remain useful when intermediate queries are incom-
plete, allowing later retrieval steps to compensate
for imperfect early retrieval.

C.4 Query Length and Truncation Analysis

Equation (2) defines the search query before to-
kenization. In implementation, the concatenated
query is encoded with a maximum length of 512 to-
kens, and queries exceeding this limit are truncated.
To examine whether the accumulated summaries
and prospective queries lead to substantial trun-
cation, we collect query-length statistics over the
same 500 evaluation examples per dataset.

As shown in Table 9, the average retrieval query
contains only 67.65 tokens across all three bench-
marks, and only 11 of 3,479 queries (0.32%) ex-
ceed the 512-token limit. MuSiQue produces
longer queries because its questions generally re-
quire deeper compositional reasoning, but even
there fewer than 1% of queries are truncated. Thus,
although Eq. (2) accumulates previous summaries
and prospective queries, truncation affects only a
small fraction of the evaluated retrieval steps.

C.5 Sensitivity to the Margin Threshold ¢

PROBE removes training instances whose top-
pair Cross-Encoder score margin is below e.
The teacher scores are sigmoid-normalized Cross-
Encoder logits in [0, 1], whose distribution is
strongly concentrated near the endpoints. In par-
ticular, the median top-1 and top-2 scores are
0.999612 and 0.996880, respectively. We therefore
interpret € as a near-tie rejection threshold under
sigmoid compression rather than as an absolute
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NQ TriviaQA SQuAD AVG
Method EM F1 EM F1 EM F1 EM F1
Methods without Retriever Training
SELF-RAG (Llama2-7B+Contriever) 40.8 49.0 37.6 51.6 11.6 254 30.0 42.0
IRCoT (Llama-3.1-8B+Contriever) 326 416 48.8 589 246 372 353 459
Search-R1 (Qwen2.5-7B+Contriever) 45.0 538 578 66.6 250 384 426 529
Methods with Retriever Training
ReSCORE (Llama-3.1-8B+Contriever) 41.6 554 588 694 262 41.1 422 553
Our Framework
PROBE untrained (Llama-3.1-8B+Contriever) 41.4 54.6 59.0 69.9 282 429 429 55.8
PROBE trained (trained Contriever) 420 54.7 59.0 70.0 294 44.0 435 56.2

Table 6: Additional single-hop QA results on NQ, TriviaQA, and SQuAD. Bold indicates the best result and

underline indicates the second-best.

Metric PROBE Untrained ReSCORE
Retrieval recovery 62.7 59.2 48.5
Full-chain recovery 50.9 46.2 40.0
Semantic answer recovery  37.1 34.9 25.6

Table 8: Recovery from incomplete first-hop retrieval

(%). Untrained denotes the off-the-shelf Contriever

Reformulation QA MHR;Q8

Method EM F1 i=1 i=2 {=final
MuSiQue

LLM-rewrite 16,6 260 51.6 616 62.7

Thought-concat 21.0 31.0 51.6 63.4 64.5

PROBE 250 345 516 675 68.3
HotpotQA

LLM-rewrite 462 589 684 756 75.9

Thought-concat  50.0 62.7 684 84.5 85.2

PROBE 534 667 684 858 85.9

2WikiMHQA

LLM-rewrite 444 53.0 663 76.5 79.0

Thought-concat 49.6 57.5 663 85.0 85.3

PROBE 592 67.6 663  90.6 90.9

Table 7: Effect of query reformulation strate-

gies on MHQA. LLM-rewrite generates standalone
queries at each hop without retaining the initial
question. Thought-concat appends prior summaries
{s1,...,8i—1} to the original question. PROBE re-
trieves using prospective queries while restricting an-
swer generation to the denoised summary.

confidence threshold.

With the default ¢ = 104, the filter removes
2,032 of 14,770 candidate instances (13.76%), re-
taining 12,738 instances for distillation. Impor-
tantly, the retained instances have a median top-pair
margin of 0.003218, approximately 32 times the
threshold, indicating that most retained pairs are
not marginal cases immediately above the cutoff.
For each threshold, we reconstruct the filtered train-
ing set and retrain the retriever using the same op-
timization settings. We further evaluate threshold
sensitivity on the same 500 examples per dataset.

As shown in Table 10, performance is relatively

with inference-time Cross-Encoder reranking. PROBE
achieves the highest recovery rate under all three crite-
ria.

stable between ¢ = 107° and ¢ = 1073, while
¢ = 10~* achieves the best average EM and F1
with moderate filtering. Larger thresholds sharply
reduce the supervision pool without improving
downstream performance: ate = 10, only 7.44%
of instances remain and average F1 decreases to
54.0. Conversely, reducing the threshold to 10>
retains nearly all candidate instances but slightly
degrades average performance. These results sug-
gest that ¢ = 10~ provides a favorable balance
between rejecting ambiguous near-ties and retain-
ing sufficient supervision.

C.6 Controlled Effectiveness—Efficiency
Analysis

To examine the effectiveness—efficiency trade-off,
we compare closed-book answering, single-pass
RAG variants, and iterative retrieval-based reason-
ing methods under a controlled evaluation setup.
All methods are evaluated on the same 500 exam-
ples per dataset using the same hardware configura-
tion and single-request serving protocol described
in Appendix C.1. For methods marked with * in Ta-
ble 11, we use their official implementations while
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Dataset # Queries Avg. Median P95 Max Truncated
MuSiQue 1,300 89.48 59 295.1 645 10 (0.77%)
HotpotQA 1,077  56.64 48 144.0 445 0 (0.00%)
2WikiMultiHopQA 1,102 52.68 42 136.95 587 1 (0.09%)
Overall 3,479  67.65 - - 645 11 (0.32%)

Table 9: Query-length statistics for PROBE. Lengths are measured after tokenizer encoding and before applying
the 512-token truncation limit. Only 11 of 3,479 retrieval queries exceed the limit.

€ Retained instances MuSiQue HotpotQA 2WikiMHQA Avg.
EM/F1 EM/F1 EM/F1 EM/F1
1071 1,099 (7.44%) 24.2/34.7 49.2/61.8 56.0/65.4 43.1/54.0
1072 4,199 (28.43%) 24.0/34.9 52.2/65.4 58.0/66.4 44.7/55.6
1073 8,775 (59.41%) 23.8/34.3 51.2/64.4 57.6/66.3 44.2/55.0
1074 12,738 (86.24%) 25.0/34.5 53.4/66.7 59.2/67.6 45.9/56.3
1075 14,305 (96.85%) 23.6/34.7 54.2/66.8 57.8/65.6 45.2/55.7

Table 10: Sensitivity to the Cross-Encoder margin threshold . We report the number of retained training
instances and downstream EM/F1 on the same evaluation subsets.

retaining the same evaluation subsets and hardware
environment. All methods, including PROBE, are
rerun under this unified serving setup; therefore,
the controlled results may differ slightly from those
in Table 1.

The closed-book baseline directly prompts the
reader to answer without retrieval. The vanilla
single-pass RAG baseline retrieves documents once
with Contriever using the original question and
feeds the retrieved evidence to the reader. The
CoT variant applies the same single retrieval step
but additionally prompts the reader to perform
chain-of-thought reasoning (Wei et al., 2022). The
reranking variant applies a Cross-Encoder over the
retrieved candidate set before answer generation.
HyDE (Gao et al., 2023) first generates a hypothet-
ical answer document and uses it as the retrieval
query, while the query-rewrite variant rewrites the
original question into a standalone search query be-
fore retrieval. These variants test whether stronger
query formulation or reranking can compensate for
performing only a single retrieval step.

We further compare against a diverse set of iter-
ative RAG methods. IRCoT interleaves reasoning
and retrieval, FLARE performs forward-looking re-
trieval based on predicted low-confidence content,
and Adaptive-Note maintains intermediate notes to
guide subsequent retrieval. Search-R1 trains the
LLM via reinforcement learning to issue search
actions, while STRIDE explicitly coordinates de-
pendent retrieval and reasoning steps; following its
official setup, our STRIDE reproduction uses the
Qwen3-8B model trained by the original method.

ReSCORE is the closest retriever-training base-
line, using step-wise LLM-derived supervision to
fine-tune the retriever. In contrast, PROBE com-
bines prospective query generation with a retriever
trained through final-hop Cross-Encoder distilla-
tion.

Table 11 shows a clear trade-off between single-
pass efficiency and multi-hop effectiveness. Single-
pass RAG variants are generally faster, but their
QA performance remains substantially below that
of strong iterative methods, indicating that a single
retrieval step is often insufficient when the required
bridging evidence is not directly exposed by the
original question.

Among iterative methods, PROBE achieves
the best EM and F1 on all three benchmarks
while maintaining consistently low latency. On
HotpotQA, PROBE reaches 66.6 F1 with 4.59s
latency, compared with 65.2/6.08s for Search-
R1, 59.4/9.25s for STRIDE, and 59.3/5.06 s for
ReSCORE. Similar trends hold on 2WikiMulti-
HopQA and MuSiQue, where PROBE remains
faster than the strong iterative baselines while
achieving the highest QA accuracy. Although
SELF-RAG has lower latency, its substantially
weaker QA performance indicates that this speed
comes at a considerable effectiveness cost. Overall,
these results show that PROBE provides a favor-
able effectiveness—efficiency trade-off rather than
improving accuracy through additional inference-
time computation alone.

We further examine whether the ranking capa-
bility of an inference-time Cross-Encoder can be

31509



Method HotpotQA 2WikiMultiHopQA MuSiQue

EM F1 Lat. EM F1 Latt. EM F1 |Lat.
Closed-book baseline
Llama3.1-8B direct answer 164 260 020 11.8 18.6 0.16 2.2 87 026
Single-pass RAG variants
Single-pass Contriever RAG 312 427 158 226 284 0.61 108 164 045
Single-pass Contriever RAG + CoT 374 467 212 324 374 128 138 196 1.39
Single-pass Contriever + Rerank 374 495 198 316 374 1.04 11.8 18.6 0.87
HyDE + Single-pass Contriever 37.6 476 314 216 278 1.77 130 193 1.88
Query Rewrite + Single-pass Contriever 31.4 427 1.76 20.8 266 0.77 11.6 17.7 0.65
Iterative RAG methods
SELF-RAG 162 290 173 11.8 224 063 46 127 0.56
IRCoT 412 517 690 434 542 325 168 267 284
FLARE* 13.0 260 542 118 250 432 1.4 92 312
Adaptive-Note™ 420 540 874 362 454 637 128 206 6.02
Search-R1 528 652 6.08 542 629 313 242 337 298
STRIDE (Qwen3-8B+Contriever)* 494 594 925 570 656 653 246 33,6 6.57
ReSCORE” 472 593 506 500 59.7 259 234 327 3.00
PROBE 533 666 459 586 668 239 254 348 282

Table 11: Controlled effectiveness—efficiency comparison. Lat. denotes average end-to-end latency in seconds. *
Results reproduced using the corresponding official implementations.

absorbed into the dense retriever through distilla-
tion. Specifically, we compare an inference-time
Rerank-Augmented pipeline, which combines
an off-the-shelf Contriever with a Cross-Encoder
reranker, against the Rerank-Free PROBE setup,
which uses only the distilled retriever during infer-
ence. Both configurations are evaluated under the
same single-request serving setup.

Configuration EM F1 Lat.(s) Hops
MuSiQue

Rerank-Augmented  26.8 38.7 4.27 2.71

Rerank-Free (Ours) 254 34.8 2.82 2.60
HotpotQA

Rerank-Augmented  53.8 66.6  5.04 2.18

Rerank-Free (Ours) 53.3 66.6 4.59 2.15

2WikiMultiHopQA
Rerank-Augmented 56.4 65.7 3.56 2.27
Rerank-Free (Ours) 58.6 66.8 2.39 2.20

Table 12: Performance, end-to-end latency, and aver-
age reasoning hops across three datasets. Our distilled
retriever (Rerank-Free) achieves competitive accuracy
while substantially reducing latency with slightly fewer
average reasoning hops.

As shown in Table 12, the rerank-free configura-
tion preserves competitive QA accuracy while re-
ducing latency by approximately 34% on MuSiQue
and 33% on 2WikiMultiHopQA. This suggests that

PROBE transfers useful Cross-Encoder ranking
preferences into the bi-encoder retriever, avoiding
expensive cross-attention reranking during infer-
ence.

C.7 Generalization Across LLM Backbones

Table 13 reports end-to-end QA and step-wise re-
trieval performance across diverse LLM backbones
spanning different architectures and scales, includ-
ing Llama-3.1-8B, Qwen3-8B, and Qwen3-4B. To
isolate the impact of external retrieval from internal
generation heuristics, we disable the native think-
ing mode of the Qwen models.

Under this controlled setting, PROBE consis-
tently improves both QA performance and interme-
diate retrieval recall across model backbones. The
gains also tend to increase at later bridging hops,
suggesting that the learned relevance signals are
not tied to a specific generator and remain useful as
the reasoning trajectory becomes more dependent
on previously retrieved evidence.

These results indicate that trajectory-level distil-
lation produces retrieval representations that trans-
fer across different generator families and scales
without generator-specific retriever adaptation. A
natural extension is to investigate whether stronger
reasoning models can further improve the quality of
the silver trajectories used for retriever distillation.
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Backbone Retriever QA Metric MHR@8
EM Fl1 i=1 i=2 i=final
MuSiQue
BM25 (Baseline) 212 316 446 593 60.7

Llama-3.1-8B  Contriever (Untrained) 20.4 30.9 48.0 60.5 61.5

Contriever (PROBE) 25.0 345 51.6 675 68.3
BM25 (Baseline) 198 265 446 577 59.5

Quen38B  Contriever (Untrained) 194 268 480 598  60.6
Contriever (PROBE) 20.6 29.7 51.6 66.2 67.3
Qwen3-4B BM25 (Baseline) 170 230 446 574 58.9
Contriever (Untrained) 17.8 254 480 59.6 61.0
Contriever (PROBE) 204 28.5 51.6 65.7 67.4
HotpotQA

BM25 (Baseline) 458 587 559 703 71.5
Llama-3.1-8B  Contriever (Untrained) 48.0 60.8 642 78.3 79.0
Contriever (PROBE) 534 66.7 684 858 859
Qwen3-8B BM25 (Baseline) 458 569 559 69.7 70.8
wens- Contriever (Untrained) 48.0 59.7 642 784 792
Contriever (PROBE) 51.6 64.1 684 859 86.0
BM25 (Baseline) 44.0 547 559 700 71.3
Qwen34B Contriever (Untrained) 460 573 642 793 79.7
Contriever (PROBE) 49.2 60.7 684 852 85.4

2WikiMultiHopQA
BM25 (Baseline) 532 60.7 618 817 82.6
Llama-3.1-8B  Contriever (Untrained) 52.2 61.7 60.7 79.5 80.4
Contriever (PROBE) 59.2 67.6 66.3 90.6 90.9
Qwen3-8B BM25 (Baseline) 50.0 57.1 61.8 803 81.8
) Contriever (Untrained) 47.6 553 60.7 79.3 80.7
Contriever (PROBE) 52.0 59.7 663 90.3 91.0
Qwen3-4B BM25 (Baseline) 43.6 51.0 61.8 815 82.4

Contriever (Untrained) 44.0 52.0 60.7 78.1 79.5
Contriever (PROBE) 50.8 57.7 663 88.8 89.8

Table 13: Generalization across different LLM back-
bones on three MHQA benchmarks. We report Ex-
act Match (EM), F1, and step-wise Multi-Hop Recall
(MHR @8). The results demonstrate that our framework
(PROBE) consistently improves both end-to-end QA
performance and intermediate retrieval recall, regard-
less of the underlying LLM employed for reasoning.

D Case Study and Failure Analysis

We complement the aggregate evaluation with two
case-level analyses: (i) a systematic taxonomy of
PROBE’s remaining failures under the effective re-
trieval context, and (ii) comparative retrieval trajec-
tories that illustrate how different iterative methods
behave across representative reasoning patterns.
Failure Analysis. We conduct the failure anal-
ysis under the top-8 effective-context view, since
only the top-8 retrieved documents are provided
to the generator during answer generation. This
view focuses on the evidence actually visible to
the reader rather than all candidates retrieved in a
larger retrieval pool. After removing semantically
acceptable mismatches, such as name variants, ab-
breviations, and harmless granularity differences,
we identify 606 genuine failures across the three
MHQA benchmarks. Table 14 summarizes the re-
sulting taxonomy.

The most frequent failure type is entity/relation
selection error, accounting for 261/606 failures

(43.1%). In these cases, PROBE retrieves evidence
from a relevant entity neighborhood within the ef-
fective context, but the reader selects the wrong
target entity, relation, or answer slot. For example,
the model may choose a related person, organiza-
tion, location, or film rather than the exact entity
required by the question. This suggests that many
remaining errors arise from fine-grained constraint
tracking and answer selection over closely related
evidence.

The next two categories are tempo-
ral/comparison reasoning error and relation-chain
error, accounting for 93/606 (15.3%) and 85/606
(14.0%) failures, respectively. Temporal and
comparison errors occur when the model retrieves
relevant entities but chooses the wrong date, or-
dering, or comparison side. Relation-chain errors
are especially common on 2WikiMHQA, where
questions often require following fine-grained
family, spouse, or in-law relations. These errors
indicate that stronger retrieval alone is insufficient
for all remaining cases; relation-level verification
and answer-type checking may further improve
robustness.

We also observe retrieval miss / drift / query loop
failures in 98/606 cases (16.2%). This category
includes cases where relevant or answer-bearing
evidence never enters the top-8 effective context,
as well as cases where later hops repeatedly fol-
low an incorrect or unproductive retrieval direction.
For example, in a HotpotQA question asking for
the movie starring Katrina Bowden and directed by
Sean Anders, the gold page Sex Drive is retrieved
only as a low-ranked candidate and never enters
the context used for answer generation. Later hops
repeatedly retrieve pages around Katrina Bowden,
Sean Anders, and Hold Your Breath. The trajec-
tory eventually introduces the incorrect constraint
“2012 supernatural horror film,” shifting retrieval
further toward Hold Your Breath. The model there-
fore predicts Hold Your Breath instead of the gold
answer Sex Drive. This illustrates a retrieval-side
failure in which the correct evidence is not exposed
to the reader and subsequent query reformulation
reinforces the wrong retrieval neighborhood.
Comparative Retrieval Trajectories. To further
examine how retrieval behavior evolves across
hops, we compare PROBE with ReSCORE, IR-
CoT, and FLARE on three representative examples
covering different reasoning patterns in Table 15.

The cases reveal a consistent distinction in how
intermediate information needs are represented. On
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Failure Type HotpotQA 2WikiMHQA MuSiQue Total Overall Ratio
Entity/relation selection error 84 24 153 261 43.1%
Temporal/comparison reasoning error 7 39 47 93 15.3%
Relation-chain error 1 57 27 85 14.0%
Retrieval miss / drift / query loop 28 10 60 98 16.2%
Other failures 16 16 37 69 11.4%
Total genuine failures 136 146 324 606 100.0%

Table 14: Case-level failure analysis of PROBE after removing semantically acceptable mismatches.

HotpotQA, after resolving TV Choice, PROBE ex-
plicitly queries its missing publication day and re-
trieves the gold page at rank 4 in the next hop,
whereas the alternative trajectories commit to incor-
rect entities or values and subsequently reinforce
them through retrieval. On MuSiQue, PROBE pre-
serves both the Puritan bridge entity and the tar-
get region when querying the missing arrival date,
retrieving the relevant history page at rank 1. No-
tably, FLARE retrieves this page at rank 6 but sub-
sequently loses the location binding in its masked
query, causing the trajectory to drift again. On
2WikiMultiHopQA, PROBE resolves both film di-
rectors before jointly querying their birth years and
retrieves all four gold pages in the top four results,
while competing methods either fail to convert the
resolved directors into new retrieval targets or lose
their explicit entity bindings.

Together, the aggregate failure taxonomy and
trajectory-level cases show that retrieval drift and
query loops remain an important limitation, but
they are not the dominant source of PROBE’s re-
maining errors. Most failures instead arise from
fine-grained entity/relation selection and reason-
ing over relevant or partially relevant evidence.
At the same time, the comparative cases illustrate
why explicitly representing the unresolved infor-
mation need can reduce trajectory drift. Future
work may therefore combine stronger prospective
query generation with uncertainty-aware retrieval,
diversity-aware exploration, relation-level verifi-
cation, answer-type checking, and backtracking
mechanisms for correcting earlier retrieval deci-
sions.
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Method Key state / query transition Retrieval outcome Final answer

HotpotQA 1p: 5abbo3325542992ccd8e7eae  Entity-to-attribute bridge: George Rainsford — TV Choice — publication day
Question: The magazine that nominated George Rainsford for their Best Actor award in 2017 comes out every week on what
day of the week?

Hop 1 identifies TV Choice from the George
Rainsford page. The prospective query explicitly
asks: “What day of the week does the TV Choice
Awards magazine come out?”

Retrieves TV Choice at rank 4 in Hop 2. The
. Tuesday
query preserves the resolved publication and
v o . v
explicitly requests its missing attribute.

PROBE

Retrieval remains around George Rainsford,

The accumulated thought substitutes TV Week eneric Best Actor pages. Laurence Olivier TV Week /

ReSCORE for TV Choice and repeatedly states that the i Logi i £e8, P h Th unresolved
ublication day is unknown wards, and Logie vyards or seven hops. The X

P ’ gold TV Choice page is never retrieved.

The CoT first states that the magazine is the TV

Choice Awards. A l.at‘(‘: r CoT sentence . TV Choice appears only at rank 19 after

prematurely asserts: “The TV Choice Awards is . Wednesday
IRCoT . Wednesday has already entered the reasoning

a magazine that comes out every week on and retrieval state X

Wednesday.” Each sentence becomes the next ’

retrieval query.

Predicted sentences first identify TV Week and  Retrieval shifts toward Logie Awards and
FLARE later state that the magazine “comes out every  subsequently toward pages such as Every Sunday

week on a Sunday.” The masked queries retain ~ Sunday and Sunday Pants, reinforcing the X

these proposed entities and values. provisional answer.

MuSiQue 1D: 3hop2__6989_37759_74563  Three-hop temporal composition: Rainbow Times — New England; Harvard founders
— Puritans; arrival date — 1630
Question: When did the religious order that founded Harvard College arrive in the region of the U.S. served by the Rainbow
Times?

Hop 1 establishes the Massachusetts Bay/Puritan Retrieves History of the Puritans in North

PROBE connection. The prospective query asks: “When America at rank 1 in Hop 2. The query retains 1630
did the Puritans arrive in the region served by  the bridge group, target region, and missing v
the Rainbow Times?” temporal relation.

Subsequent retrieval remains dominated by

ReSCORE The first thought prematurely states that Harvard, Boston, and education-history pages 1629
Congregationalist ministers arrived in 1629. rather than shifting to the history of the Puritans’ X

arrival.

Th T identifies the founder: . .
¢ CoT identifies the founders as The generated descriptive sentences retrieve

Congregationalists and later describes their L . Early 17th
. L " ,,broad Boston and denominational material; the
IRCoT arrival as occurring in the “early 17th century, relevant Puritan history page is not promoted to century
but never isolates the exact arrival date as the Y page 1 p X

; a useful position.
next retrieval target. usetul posita

A predicted sentence retrieves the Puritan history
page at rank 6. However, the next masked
FLARE  query—*“They arrived in the region of [MASK]
in the early 17th century”—retains only the
pronoun while removing the location binding.

Retrieval shifts toward broad colonization and

Huguenot pages. Later generation conflates the 1620/ 1629
Puritan arrival with the 1620 Mayflower event X

and the Massachusetts Bay Colony in 1629.

2WikiMultiHopQA 1D: 010d6cabesc711ebbd9lacifébfg4sbe  Two-branch comparison: A Romance of the Air — Harry Revier
— 1890; How Moscha Came Back — Phillips Smalley — 1865
Question: Which film has the director who was born earlier, A Romance of the Air or How Moscha Came Back?

Hop 1 retrieves both film pages and resolves the Hop 2 retrieves all four gold pages in its top four

PROBE directors as Harry Revier and Phillips Smalley. results, including both director biographies. The [g)::n?ﬁzccl;(a
The prospective query asks: “What is the birth  query binds both branches to the same missing v

year of Harry Revier and Phillips Smalley?” attribute.
Retrieval repeatedly returns the same film pages

The thought repeatedly states that the directors and other titles containing romance, air, or came ~ Unresolved

ReSCORE birth dates are unavailable without converting

the resolved directors into new retrieval targets. back. Neither director biography is retrieved X
across seven hops.
The first derived sentence incorrectly states: Later retrieval drifts through Jason Reitman, Unrelated
IRCoT “Ivan Reitman was born in 1946.” This sentence Greg Reitman, Leigh Jason, Paul Ivano, and birth years
becomes the next retrieval query. other unrelated people. X

The predicted sentence correctly identifies the Retrieval returns generic or unrelated director

need to find the directors’ birth dates. However, . . . Unable to
FLARE  the masked query refers only to “the directors of Ié}ariii/’illllz: Chsl?;rrlllge DKmrirliffﬁl& lliree\SiISJeRoy answer
the two films” and omits Harry Revier and ’ y ’ X

Phillips Smalley. Milestone.

Table 15: Qualitative comparison of retrieval trajectories. Across three representative MHQA examples, PROBE
preserves resolved intermediate evidence in prospective queries, while competing methods in these examples exhibit
entity substitution, premature commitment, or loss of query bindings that can lead to retrieval drift.
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THOUGHT_GENERATION_PROMPT = """
<|start_header_id|>system<|end_header_id|>

You are a next-hop search query generator for a multi-hop QA system.
Your goal is to analyze the current search results and generate the next search query to find missing information.

# Instructions:
1. Analyze: Summarize ONLY the useful facts, including entities and relations, currently present in the documents that are
relevant to the question. Do not mention what is missing in the thought.

2. Query: Based on what you know, generate a complete, self-contained search query, preferably a natural language
question, to retrieve the information that is still needed.

- Crucial: Resolve any pronouns or ambiguity. For example, instead of “Where was he born?”, say “Where was
Christopher Nolan born?”.

# Output Format:
You must output a single valid JSON object on one line.
Do NOT output markdown code blocks.

# Example:
{{"thought”: "The documents confirm that the director of ’Inception’ is Christopher Nolan.",
"query"”: "What is the birth city of Christopher Nolan?"}}

<|eot_id|><|start_header_id|>user<|end_header_id|>

Documents:
{documents }

Question:
{question}

Previous Reasoning:
{hints}

Output the JSON object now:

<|eot_id|><|start_header_id|>assistant<|end_header_id|>

nn

Figure 4: Prompt used to generate an intermediate reasoning summary and a self-contained next-hop search query
for multi-hop question answering.
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Answer Generation Prompt

ANSWER_GENERATION_PROMPT = """
<|start_header_id|>system<|end_header_id|>

You will receive three inputs: documents, a question, and hints.
Your task is to answer the given question.

# Instructions:

- Carefully read the documents and hints.

- If you know the answer to the question confidently, generate an answer using the provided documents and hints.
- If you do not know the answer, generate "Unknown".

# Format:

- Return a JSON object formatted as follows: {{"answer"”: "Your Response"}}
- Your response should be a concise short answer without any explanation.

- Ensure the entire response is on a single line without placeholder variables.

You are a helpful assistant.

<|eot_id|><|start_header_id|>user<|end_header_id|>

Documents:
{documents}

Question:
{question}

Hints:
{hints}

<|eot_id|><|start_header_id|>assistant<|end_header_id|>

nn

Figure 5: Prompt used to generate the final short answer from retrieved documents and accumulated reasoning hints.
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