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Abstract

Retrieval plays a central role in multi-hop
question answering (QA), where answering
complex questions requires gathering multiple
pieces of evidence. We propose PRISM, an
agentic retrieval framework that leverages large
language models (LLMs) in a structured loop to
retrieve relevant evidence with high precision
and recall. PRISM decomposes retrieval into
three specialized agents: a Question Analyzer
that breaks complex queries into sub-questions,
a Selector that identifies the most relevant con-
text for each sub-question (focusing on preci-
sion), and an Adder that brings in any missing
evidence (focusing on recall). The iterative in-
teraction between the Selector and Adder pro-
duces a compact yet comprehensive evidence
set, avoiding both brittle error propagation and
noisy context accumulation. It achieves higher
retrieval accuracy while filtering out distract-
ing content, enabling downstream QA models
to surpass full-context answer accuracy while
relying on significantly less irrelevant informa-
tion. Experiments on four challenging multi-
hop QA benchmarks, including HotpotQA,
2WikiMultiHopQA, MuSiQue, and MultiHo-
pRAG, demonstrate that our approach consis-
tently outperforms strong baselines.

1 Introduction

Retrieval systems lie at the heart of question an-
swering, yet designing them remains highly chal-
lenging (Asai et al., 2024). Their effectiveness
depends on balancing precision, which ensures that
retrieved passages are relevant and free from dis-
tracting noise, and recall, which ensures that no
essential evidence is missed (Trivedi et al., 2023).
This trade-off is especially critical in multi-hop rea-
soning, where evidence is distributed across multi-
ple passages and missing one step can break the rea-
soning chain while excessive irrelevant context can
obscure the signal and degrade performance (Lee
et al., 2025a). For example, answering “Which

painter who shared a house with Vincent van Gogh
was married to a Danish ceramist?” requires first
identifying who shared a house with van Gogh (first
hop) and then finding whom that person married
(second hop). Solving such queries is challeng-
ing because a system must retrieve the relevant
evidence for each reasoning step while ignoring
the many distractors present in a large corpus like
Wikipedia (Yang et al., 2018; Trivedi et al., 2022;
Tang and Yang, 2024).

With the advent of large language models
(LLMs), these challenges are amplified. LLMs
struggle with the lost-in-the-middle phenomenon,
overlooking crucial evidence buried in long con-
texts (Liu et al., 2024), and are prone to halluci-
nation when information is incomplete or noisy
(Laban et al., 2024). Thus, enhancing retrieval
to provide compact, comprehensive, and faithful
evidence is essential for reliable reasoning in LLM-
based systems.

Early pipeline approaches such as GraphRe-
triever (Asai et al., 2020) and Multi-hop Dense
Retrieval (Xiong et al., 2021) relied on iterative
query rewriting or entity linking to follow reason-
ing chains (Qi et al., 2019). While effective in
controlled settings, these methods suffer from er-
ror propagation, where early mistakes degrade fi-
nal performance (Sun et al., 2023). Later frame-
works such as ReAct (Yao et al., 2023) and IRCoT
(Trivedi et al., 2023) coupled large language mod-
els with retrieval, interleaving chain-of-thought
(Wei et al., 2022) reasoning and evidence gath-
ering. These approaches improved recall by letting
intermediate reasoning guide the search, but often
at the cost of large, noisy evidence sets, since pre-
cision mechanisms were limited. IRCoT (Trivedi
et al., 2023) in particular emphasizes recall, lead-
ing to distractor-heavy contexts that can obscure
reasoning.

Complementary efforts have aimed to im-
prove relevance and coverage through rerank-
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Figure 1: Overview of Agentic Retrieval Framework (PRISM). The complex question is decomposed by the
Analyzer into sub-questions, the Selector narrows down relevant evidence for precision, and the Adder expands
context for recall. The loop iterates N times to produce a refined evidence set for QA.

ing (Pradeep et al., 2023) and Pruning-based meth-
ods (Chirkova et al., 2025). Likewise, set-wise
selection suggests that moving beyond naive top-
k retrieval by incorporating reasoning, selection,
and refinement is crucial for complex reasoning
(Lee et al., 2025a). However, these single-pass
strategies are limited in that if essential evidence is
absent from the retrieval pool, there is no mecha-
nism for recovering it (Lee et al., 2025a). Iterative
self-refinement (Asai et al., 2024) attempt to bal-
ance these trade-offs, but lack a principled way
to separate precision from recall, often generating
redundant or hallucinated context. A critical lim-
itation of several baselines (Pradeep et al., 2023;
Sun et al., 2023; Yu et al., 2024; Ammann et al.,
2025) is that they underperform even relative to full
context basline because their retrieval pipelines fail
to preserve the necessary supporting evidence.

Despite the advances, a key challenge remains:
constructing evidence sets that are both comprehen-
sive and concise. Standard retrievers and rerankers
typically return a top-k list of individually rele-
vant passages (Lee et al., 2025a), but the set as a
whole is often redundant or incomplete (Pradeep
et al., 2023; Yu et al., 2024). More broadly,
retrieval-augmented generation faces fundamen-
tal limitations: (i) single-vector embeddings can-
not represent all possible query–document rele-
vance patterns as candidate sets grow combina-
torially (Weller et al., 2026); (ii) long-context
LLMs systematically overlook mid-context evi-
dence (Liu et al., 2024); and (iii) irrelevant mate-
rial in long contexts increases hallucination (Laban
et al., 2024). Together, these findings highlight
that simply scaling embeddings or extending con-
text windows cannot resolve the precision–recall

trade-off.
In this work, we introduce PRISM (Preci-

sion–Recall Iterative Selection Mechanism), an
LLM based agentic retrieval framework in which
precision and recall focused agents collaborate
through iterative refinement to retrieve high-quality
evidence sets. Concretely, PRISM employs three
collaborating agents: a Question Analyzer that de-
composes the question into sub-questions targeting
the required facts; a Selector that filters the candi-
date pool to eliminate distractors; and an Adder
that reconsiders unselected candidates to recover
any overlooked evidence. The Selector and Adder
iterate, refining the evidence set until it is both
compact and complete.

Our contributions are threefold. 1 We intro-
duce PRISM, an agentic retrieval framework that
enables effective control of the precision–recall
balance in evidence selection for multi-hop ques-
tion answering through an iterative loop. 2 We
show that PRISM consistently constructs evidence
sets that are both compact and comprehensive,
achieving higher precision and recall than strong
recent baselines on HotpotQA, 2WikiMultiHopQA,
MuSiQue, and MultiHopRAG. 3 We demonstrate
that these high-quality retrieved evidence sets lead
to stronger end-to-end QA performance, enabling
LLM readers to surpass full-context baselines and
recent competitive methods on challenging multi-
hop benchmarks where distractors often degrade
accuracy.

2 Methodology

We propose PRISM (Precision–Recall Iterative
Selection Mechanism), an agentic retrieval frame-

40211



work that decomposes the multi-hop evidence gath-
ering process into a sequence of coordinated steps.
PRISM employs three LLM-based agents with dis-
tinct roles: the Question Analyzer, which decom-
poses complex queries into sub-questions; the Se-
lector, which filters candidate evidence to maxi-
mize precision; and the Adder, which supplements
missing evidence to improve recall.

Motivating Example. Consider the question:
"Which painter who shared a house with Vincent
van Gogh was married to a Danish ceramist?" A
naive retriever might return passages about Van
Gogh’s life or Danish art, many of which are
surface-relevant but ultimately distracting. The
Question Analyzer decomposes the query into
sub-questions such as "Who shared a house with
Van Gogh?" and "Who was that person married
to?" The Selector retains passages directly an-
swering these sub-questions, such as Paul Gau-
guin’s stay in Arles, while discarding unrelated
content. If the bridging passage about Gauguin’s
marriage is initially missed, the Adder recovers
it. After a few iterations, the evidence set con-
tains precisely the passages needed to answer
the question correctly.

Each agent is instantiated as a prompted LLM
with instructions tailored to its task. Operating in
an iterative loop, these agents collectively produce
a compact yet comprehensive set of supporting pas-
sages. Figure 1 illustrates the overall architecture
and data flow. We provide an illustrative example
in the Appendix C.

2.1 Question Analyzer Agent

Multi-hop questions often intertwine multiple en-
tities, relations, and constraints into a single com-
plex query, making it easy for retrievers or LLMs
to chase partial matches or irrelevant context. The
Question Analyzer mitigates this risk by decompos-
ing the query into a structured set of sub-questions
that make the evidence requirements explicit and
define a focused search space for later agents (Fu
et al., 2021). This decomposition reduces the
chance of missing critical hops while preventing
downstream stages from being overwhelmed with
loosely relevant candidates. Concretely, we prompt
an LLM with a decomposition template that en-
courages explicit reasoning, and it returns a list of
sub-questions, each targeting a distinct factual unit
required to answer the original query.

2.2 Selector Agent

The Selector serves as a precision-focused filter
that removes distractors introduced during retrieval.
Large corpora inevitably yield passages that share
surface-level words with the query but are semanti-
cally off-topic, and passing such noise directly to
a QA model leads to error propagation and wasted
context budget. The Selector mitigates this by en-
forcing a high bar for inclusion: it anchors the
reasoning chain with the relevant passages that are
strongly aligned with the sub-questions.

Concretely, the agent is prompted with detailed
instructions, the sub-questions, and the (retrieved-)
passages, and tasked with outputting only those
that directly support the query. This filtering stage
yields evidence sets with very high precision, ensur-
ing that downstream reasoning operates over reli-
able, compact inputs and mitigating hallucinations
as well as lost-in-the-middle effects. The trade-off,
however, is that some relevant passages may be
excluded if their connection is less explicit—a lim-
itation addressed by the Adder agent in the next
stage.

2.3 Adder Agent

While precision is vital, overly strict filtering risks
omitting complementary or bridging facts that are
crucial for multi-hop reasoning. The Adder is in-
troduced to counterbalance this risk by explicitly
prioritizing recall. Its role is to audit what the
Selector left behind and add evidence that fill logi-
cal gaps. This two-phase design, ensures that the
final evidence set is both compact and complete.
The instructions for the Adder agent are similar to
the Selector’s, but with a different emphasis. We
provide it with the same list of candidates, the sub-
questions, and additionally indicate which evidence
have already been selected by the Selector.

In essence, the Adder is a second pass through
the candidates, but primed to look for anything im-
portant that was left out. One common scenario
is when the answer to the sub-question actually
requires combining two facts from different pas-
sages. The Selector might pick one of them (e.g.
a passage that gives part of the answer), not real-
izing another evidence from different passage is
also needed for the full answer. The Adder, seeing
what’s selected and what the question is, can iden-
tify the complementary piece. In the ideal outcome,
after the Adder, the union of selected + added pas-
sages equals the complete set of supporting docu-
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ments needed for answering the question. If the
Selector already did a perfect job, the Adder will
simply output nothing new. But if something was
missing, the Adder ensures recall goes up. This
two-phase selection is analogous to having a strict
filter followed by a gentle filter: one says “only
keep absolutely sure things”, the next says “don’t
leave out anything that might be required”.

2.4 Iteration and Multi-Hop Handling

Multi-hop questions typically require reasoning
over multiple intermediate facts. After decompo-
sition by the Question Analyzer, we provide the
original question and all generated sub-questions
together to the Selector and Adder agents. This
joint formulation allows the Selector⇔Adder Cy-
cle to identify the minimal set of evidence that
collectively cover the reasoning chain.

The Selector⇔Adder cycle is repeated for sev-
eral iterations, with the evidence set refined at each
step. At the end of the process, evidences from all
iterations are merged and de-duplicated, produc-
ing a compact set that typically contains only the
essential evidence required for the multi-hop ques-
tion while maintaining high precision and recall.
This final set is then passed to a Answer Generator
agent.

2.5 Answer Generator Agent

To demonstrate the overall question answering per-
formance of our retrieval framework we introduce
an Answer Generator agent (QA Agent), which
produces the answer given the retrieved evidence
set using our proposed framework. After the Ques-
tion Analyzer, Selector, and Adder agents collab-
oratively construct a compact but comprehensive
set of supporting evidence, we provide this context
along with the original question to a large language
model instructed to generate the final answer. We
implement the Answer Generator as a prompted
LLM operating in a zero-shot setting, without task-
specific fine-tuning. This design choice allows us
to directly assess how improvements in retrieval
quality translate into downstream QA performance,
while avoiding additional supervision or domain
adaptation.

3 Experimental Setup

3.1 Datasets

We evaluate our framework on four standard multi-
hop QA benchmarks in the open-domain setting.

HotpotQA (Yang et al., 2018) requires reason-
ing over multiple Wikipedia paragraphs, and we
use its open-domain variant with full-corpus re-
trieval. 2WikiMultiHopQA (Ho et al., 2020) con-
nects pairs of Wikipedia pages via shared entities;
following prior work, we use the structured text
component of the development set. MuSiQue
(Trivedi et al., 2022) contains 2–4 hop questions de-
signed to prevent reasoning shortcuts. MultiHop-
RAG (Tang and Yang, 2024) introduces multi-hop
queries over a news-article corpus and is used to an-
alyze retrieval precision and recall in a RAG setting.
1

3.2 Evaluation Metrics and Baselines
Evaluation Metrics. We assess retrieval using
standard supporting fact metrics, treating each pas-
sage as the retrieval unit. A passage is correct if it
contains at least one gold supporting sentence (Hot-
potQA, 2WikiMultihopQA) or matches a labeled
supporting paragraph (MuSiQue, MultiHopRAG).
We report Precision (fraction of retrieved passages
that are gold) and Recall (fraction of gold passages
retrieved), and also track the number of retrieved
passages, as compact evidence sets improve effi-
ciency and reduce noise. For HotpotQA and 2Wiki-
MultihopQA, we additionally report fact-wise pre-
cision and recall at the sentence level. End-to-
end QA is evaluated with Exact Match (EM) and
token-level F1. We further measure performance
under three conditions: (i) full context, where the
QA model sees all passages including distractors,
(ii) retrieved evidence only, using the filtered set
from our framework, and (iii) gold evidence only,
where the QA agent receives only the gold support-
ing facts.

Baselines. We compare our Agentic Retrieval
framework against strong baselines spanning itera-
tive retrieval, reranking, and supervised methods.
IRCoT (Trivedi et al., 2023) interleaves chain-of-
thought reasoning with iterative retrieval, while
SetR (Lee et al., 2025a) performs set-wise LLM-
based reranking. We further compare against un-
supervised and prompt-based retrievers, includ-
ing BM25 (Robertson and Zaragoza, 2009), DSP
(Khattab et al., 2022), DecomP (Khot et al.,
2023), RankZephyr (Pradeep et al., 2023), and
RankGPT (Sun et al., 2023), as well as recent

1For evaluation, we sample 500 instances from each
dataset, constrained by computational budget, while ensuring
that the subset remains representative of the overall distribu-
tion.
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supervised and semi-supervised approaches: RE-
COMP (Xu et al., 2024), CoRAG (Wang et al.,
2025), R1-Researcher (Song et al., 2025), O2-
Searcher (Mei et al., 2025), ARM (Chen et al.,
2025), QD-RAG (Ammann et al., 2025), and
RankRAG (Yu et al., 2024).

3.3 Implementation Details

PRISM is a fully LLM-based, training-free re-
trieval framework that operates over an initial can-
didate pool and focuses on evidence selection and
refinement. In our experiments, this initial pool is
the full candidate set provided by each benchmark
(e.g., 10 candidates per question in HotpotQA, 20
in MuSiQue). PRISM targets the second stage of
retrieval, where the goal is to construct a compact
yet comprehensive evidence set by balancing preci-
sion and recall from the candidate pool.

We implement all agents as prompted large lan-
guage models. Unless stated otherwise, all experi-
ments use GPT-4o (Hurst et al., 2024). We addition-
ally report results using Gemini-2.5-Flash-Lite
(Team, 2025) and DeepSeek-Chat (DeepSeek-AI
et al., 2024), all of which are state-of-the-art large-
context models capable of processing the full can-
didate passage set during evaluation. Prompt-
ing is performed in a zero-shot setting, without
task-specific fine-tuning. We enforce consistent
structured outputs (lists of indices/titles) to en-
sure reliable parsing. The Selector⇔Adder cy-
cle is repeated at most N = 3 iterations, keep-
ing the number of LLM calls tractable. The ra-
tionale for selecting N = 3 is discussed in Sec-
tion 4 (Figure 4). The detailed propmts are pro-
vided in the Appendix D. The implementation
of our framework is publicly available at https:
//github.com/mahadi-nahid/PRISM.

4 Results and Discussion

4.1 Main Result

Retrieval Performance. Figure 2 reports re-
call performance across HotpotQA, 2WikiMulti-
hopQA, and MuSiQue dataset. Our agentic re-
trieval framework achieves consistently higher re-
call than both OneR (one pass retriever), which
utilize BM25 (Robertson and Zaragoza, 2009) to
retrieves K paragraphs using the original question
as a single query, and IRCoT, which guides re-
trieval through Chain-of-Thought reasoning, across
all benchmarks (Trivedi et al., 2023). On Hot-
potQA, our method attains 90.9% recall compared

to 61.5% for OneR and 72.8% for IRCoT. On
2WikiMultihopQA, we reach 91.1% recall, im-
proving over OneR (68.1%) and slightly exceeding
IRCoT (90.7%). The largest margin appears on
MuSiQue, where our approach achieves 83.2% re-
call versus 44.6% and 57.1% for OneR and IRCoT,
respectively. These gains validate the importance
of explicitly balancing precision and recall through
our Selector⇔Adder loop: the Selector removes
distractors while the Adder recovers missed but
necessary passages, ensuring a comprehensive evi-
dence set.
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Figure 2: Passage recall across HotpotQA, 2WikiMulti-
HopQA, and MuSiQue. Our agentic retrieval framework
(PRISM) consistently outperforms OneR and IRCoT
(Trivedi et al., 2023), with especially large gains on the
challenging MuSiQue benchmark.

Method Prec. Recall

BM25 (2009) 11.09 24.13
bge-large-en-v1.5 (2023) 16.12 32.32
RankGPT (GPT-4o) (2023) 17.99 36.01
SETR-CoT & IRI (2025a) 22.68 36.69

PRISM (Ours) 28.18 42.22

Table 1: Retrieval performance on the MultiHopRAG
dataset. Our agentic retrieval framework substantially
outperforms all baselines, achieving the highest recall
while maintaining competitive precision.

We also assessed our proposed framework’s
retrieval performance using the MultiHopRAG
dataset (Tang and Yang, 2024) following Lee et al.
(2025a). Table 1 summarizes retrieval results on
the MultiHopRAG dataset. Our agentic retrieval
framework achieves a precision of 28.18 and a re-
call of 42.22, which represents a large improvement
over all baselines. Classical BM25 (Robertson and
Zaragoza, 2009) performs poorly with only 11.09
precision and 24.13 recall, while dense retrievers
such as bge-large-en-v1.5 (Xiao et al., 2023)
and RankGPT (Sun et al., 2023) improve recall to
around 32–36 but still fall significantly short of our
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Method HotpotQA 2Wiki MuSiQue MHRAG

EM F1 EM F1 EM F1 ACC

Full Context (without retrieval) 44.18 58.28 43.20 52.11 19.77 29.42 44.37

Oracle Context 64.80 77.83 61.40 71.10 38.78 50.89 57.04

DSP (Khattab et al., 2022) 51.4 62.9 - - - - -
DecomP (Khot et al., 2023) - 53.5 - 70.8 - 30.9 -
ZeroR (Trivedi et al., 2023) - 41.0 - 38.5 - 19.0 -
OneR (Trivedi et al., 2023) - 50.7 - 46.4 - 20.4 -
IRCoT QA (Trivedi et al., 2023) 49.3 60.7 57.7 68.0 26.5 36.5 -
RankZephyr (Pradeep et al., 2023) 34.69 35.04 33.87 27.83 8.61 12.79 43.90
RankZephyr + CoT (Pradeep et al., 2023) 33.99 34.38 33.66 27.85 9.43 13.27 43.60
RankGPT (Sun et al., 2023; Lee et al., 2025a) 34.61 35.26 34.77 28.18 9.52 13.51 45.26
SETR-CoT & IRI (Lee et al., 2025a) 39.16 40.49 35.68 31.09 12.33 16.91 47.14

PRISM + QA Agent (Ours) 54.20 66.96 48.60 56.97 31.17 41.78 49.16

Table 2: End-to-end QA performance on HotpotQA, 2Wiki, MuSiQue and MultiHopRAG. Metrics are Exact Match
(EM) and token-level F1. Our agentic retrieval framework (PRISM) achieves state-of-the-art accuracy on HotpotQA,
MuSiQue and MultiHopRAG, while remaining competitive on 2Wiki.

method. SETR-CoT & IRI (Lee et al., 2025a) nar-
rows the gap with 22.68 precision and 36.69 recall,
yet our framework surpasses it by about 6 points
in both recall and precision. These gains highlight
that the combination of precision-oriented selection
and recall-oriented addition in our agentic loop is
also effective for the MultiHopRAG dataset, which
demands accurate recovery of multiple supporting
evidence across hops.

Impact on QA Accuracy. Table 2 shows that our
agentic retrieval framework consistently improves
end-to-end QA. On HotpotQA and MuSiQue, it
surpasses recent methods such as IRCoT (Trivedi
et al., 2023) and SetR (Lee et al., 2025a) by clear
margins (e.g., +5 EM / +6 F1 on HotpotQA), con-
firming that filtering distractors while recovering
missing facts strengthens multi-hop reasoning. On
MultiHopRAG, our method achieves the best ac-
curacy (49.16), highlighting the robustness of the
Selector⇔Adder balance for distributed evidence.
While 2WikiMultihopQA favors recall-heavy ap-
proaches like IRCoT, our system remains competi-
tive and outperforms other baselines 2. Our frame-
work also surpasses full-context baselines across
all datasets by a significant margin and narrows the
gap to the oracle-context setting, where the LLM is
provided only with the gold supporting evidence re-
quired to answer the question. Overall, these results
validate that retrieval quality is a decisive factor for
QA performance, with precision–recall balancing
yielding compact, effective evidence sets.

2Our QA agent operates in a zero-shot setting; no few-shot
demonstrations were used in our experiments like IRCoT-QA.

We also observe a critical limitation in several
baselines: they often underperform compared to the
Full Context setting (w/o retrieval) because their
retrieval pipelines fail to preserve the necessary sup-
porting evidence in the final context. As a result,
downstream QA performance drops even when the
required evidence is available in the candidate pool.
PRISM mitigates this issue by operating over the
full candidate pool provided by each dataset and re-
fining it through iterative selection, which improves
evidence completeness while reducing noise.

Performance with Alternative LLMs. To assess
the robustness of our framework across different
large language models, we evaluated retrieval and
QA performance using Gemini-2.5-Flash-Lite
and DeepSeek, in addition to GPT-4o.

Table 3 shows that our framework maintains
strong retrieval and QA performance across differ-
ent LLM backends. While absolute scores vary, the
precision–recall balancing of the Selector–Adder
loop consistently yields high recall and competitive
accuracy. These results confirm that our agentic
retrieval framework generalizes across LLMs, and
improvements in base model reasoning naturally
translate into retrieval and downstream QA gains.

Comparison with Finetuned and Compression
Based Methods. Table 4 summarizes the end-to-
end QA performance of PRISM against a range
of contemporary fine-tuned and comparison based
models. From the table we can see that on Hot-
potQA, PRISM’s 66.96 F1 significantly outper-
forms context compression based method RE-
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LLM HotpotQA 2Wiki MuSiQue

P/R EM/F1 P/R EM/F1 P/R EM/F1

GPT-4o 83.02/90.90 54.20/66.96 90.97/91.07 48.60/56.97 47.46/83.17 31.17/41.78

Gemini-2.5-Flash-Lite 87.24/93.46 56.93/70.37 93.73/95.19 47.65/55.58 63.06/83.74 36.64/44.52

DeepSeek-chat 79.46/95.88 57.60/70.62 93.01/97.38 43.39/54.75 67.11/89.38 31.93/42.45

Table 3: Retrieval (P/R) and QA (EM/F1) performance of our framework with different LLM backends on
HotpotQA, 2WikiMultiHopQA, and MuSiQue. Results show that our framework consistently maintains high recall
and competitive QA accuracy.

Method HotpotQA 2Wiki MuSiQue

EM F1 EM F1 EM F1

RECOMP (2024) 28.20 37.91 - - - -
CoRAG (2025) 56.30 69.80 72.50 77.30 30.90 42.40
R1-Researcher (2025) - 34.20 - 34.40 - 17.20
O2-Searcher (2025) - 38.80 - 37.40 - 16.00
ARM (2025) - - - 71.70 - -
QD-RAG (2025) 28.10 35.00 - - - -
RankRAG (2024) 35.30 46.70 31.40 36.90 - -

PRISM+QA 54.20 66.96 48.60 56.97 31.17 41.78

Table 4: End-to-end QA performance on HotpotQA,
2Wiki, MuSiQue dataset on more recent fine-tuned and
compression based methods. Metrics are Exact Match
(EM) and token-level F1.

COMP and general ranking methods RankRAG.
Notably, PRISM achieves performance highly com-
petitive with the costly fine-tuned model CoRAG.
On the challenging MuSiQue benchmark, PRISM
achieves strong F1 score (41.78) in this compar-
ison, validating that our iterative Selector-Adder
loop effectively constructs the comprehensive rea-
soning chains needed for deep multi-hop QA, out-
performing specialized RL-trained search agents
(Mei et al., 2025). While fine-tuned models excel
on 2Wiki, the strong performance of PRISM (56.97
F1) reinforces its core value proposition: superior
performance-to-cost trade-off by intelligently lever-
aging LLM reasoning in a novel agentic structure,
without requiring expensive fine-tuning.

Partial Match Accuracy. Figure 3 shows that
our framework achieves consistent gains in Partial
Match Accuracy (PMA) across all four datasets.
Compared to the full-context baseline, our retrieved
evidence improves PMA by 10 points on HotpotQA
and more than 10 points on MuSiQue, with con-
sistent gains also observed on 2WikiMultiHopQA
and MultiHopRAG. These results highlight that
filtering out distractors not only improves exact
matching but also increases the likelihood of partial
match demonstrating the robustness of our retrieval-
based approach.
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Figure 3: Partial Match Accuracy (PMA) of our QA
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Selector⇔Adder Iteration on HotpotQA dataset on 100
samples.

Experiment on Varying Number of Iteration.
We conducted a sensitivity analysis to determine
the optimal number of Selector⇔Adder iterations,
N, before conducting our experiments. As sum-
marized in Figure 4 on the HotPotQA dataset, per-
formance generally improves with an increasing
number of iterations. However, we observed that
the improvement becomes marginal after N=4. We
noted that the outputs of the Selector and Adder
agents converged after the third iteration, yielding
almost identical responses in iterations 3 and 4.
Based on this trade-off between performance and
computational cost, we selected N=3 for our final
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Variant HotpotQA 2Wiki MuSiQue

P/R #Pssg P/R #Pssg P/R #Pssg

Full Model 83.0/90.9 2.67 83.2/91.1 2.74 47.7/83.2 6.15

w/o Q. Analyzer 78.9/86.8 2.88 90.6/85.8 2.68 36.2/68.8 7.68

w/o Adder (Selector Only) 86.9/79.7 2.63 92.1/80.5 2.71 77.4/69.3 2.82

w/o Adder (no-op) 87.9/80.0 2.62 92.3/80.5 2.72 78.2/67.7 2.84

Table 5: Ablation study on HotpotQA, 2WikiMultihopQA, and MuSiQue showing that both the Question Analyzer
and Selector⇔Adder loop are crucial, as removing either significantly reduces recall and weakens evidence
completeness.

experiments.

Ablation Study. Table 5 shows that each com-
ponent of our framework plays a critical role in
achieving high recall. The full model consistently
achieves the highest recall across all datasets. Re-
moving the Question Analyzer leads to a substan-
tial drop, particularly on MuSiQue (83.2 → 68.8),
highlighting the importance of question decompo-
sition for complex multi-hop reasoning.

To better isolate the contribution of the Adder,
we include two variants: (i) removing the Adder en-
tirely (Selector-only) and (ii) a no-op Adder. Both
variants show a significant reduction in recall (e.g.,
90.9 → 79.7 and 80.0 on HotpotQA), confirm-
ing that the Adder is essential for recovering false
negatives. The similar performance between the
Selector-only and no-op variants further indicates
that the gains are not due to additional computa-
tion, but stem from the Adder’s explicit recovery
mechanism.

Overall, these results demonstrate that the Ques-
tion Analyzer and the Selector⇔Adder iterative
loop are complementary, and together enable
PRISM to construct a more complete and balanced
evidence set.

Additional Results and Analysis. Additional re-
sults and detailed error analysis are discussed in
Appendix A.

4.2 Discussion
Our results demonstrate that retrieval quality is one
of the key bottlenecks in multi-hop QA and that
explicitly balancing precision and recall is crucial
for robust performance. By separating precision-
oriented selection (Selector) from recall-oriented
addition (Adder), our framework produces com-
pact yet comprehensive evidence sets that improve
answer accuracy across diverse datasets. On Hot-
potQA and MuSiQue, this balance enables clear

gains over prior state-of-the-art methods, while on
MultiHopRAG it proves particularly effective at
recovering distributed evidence across documents.
Even in 2WikiMultiHopQA, where recall-heavy ap-
proaches such as IRCoT remain slightly stronger,
our framework remains competitive and consis-
tently outperforms other alternatives.

1 Balancing precision and recall is critical for
multi-hop QA.

Beyond dataset-specific results, two broader
trends emerge. First, removing distractors helps
the QA model focus on relevant reasoning chains,
yielding higher exact match and partial match ac-
curacy compared to full-context baselines. Sec-
ond, the framework generalizes across different
LLM backends, with retrieval improvements trans-
lating naturally into QA gains regardless of the base
model. This confirms that our agentic loop is not
tied to a specific architecture, but instead leverages
the underlying LLM’s reasoning ability to optimize
evidence selection.

2 Cleaner evidence leads to stronger reasoning
and model-agnostic gains.

These findings highlight that retrieval should not
be treated as a static preprocessing step, but rather
as an active, agent-driven process that collaborates
with the QA model. By iteratively refining evi-
dence through complementary precision and recall
objectives, our approach provides a principled path
toward building reliable, reasoning-centric retrieval
systems for multi-hop QA.

3 Retrieval should be treated as an active,
agent-driven process.

In addition to these empirical insights, several
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broader strengths stand out. The modular multi-
agent structure provides interpretability and control
over the retrieval process. Another key strength is
the framework’s robust generalization across mod-
els and datasets: despite differences in absolute
performance across GPT-4o, Gemini, and other
LLMs, our method consistently maintains high re-
call and competitive QA accuracy, demonstrating
strong model-agnostic adaptability. Moreover, the
design is conceptually extensible, naturally accom-
modating adaptive iteration strategies and domain-
specific agents, positioning agentic retrieval as a
foundation for next-generation retrieval-augmented
reasoning systems.

4 Modularity enables interpretability and ex-
tensibility.

5 Related Work

Multi-hop QA and Retrieval. Benchmarks such
as HotpotQA (Yang et al., 2018), 2WikiMulti-
HopQA (Ho et al., 2020), and MuSiQue (Trivedi
et al., 2022) have driven research in multi-hop
reasoning over large corpora. Early methods re-
lied on iterative retrieval via entity linking or path
traversal (e.g., Graph Retriever (Asai et al., 2020),
PathRetriever, MDR (Xiong et al., 2021)), but these
pipelines are brittle due to error propagation across
hops. Prompt-based frameworks such as DSP
(Khattab et al., 2022) and Decomposed Prompting
(Khot et al., 2023) demonstrated that integrating
reasoning with retrieval and decomposing complex
questions improves performance. While question
decomposition has a long history (Talmor and Be-
rant, 2018; Min et al., 2019; Fu et al., 2021; Am-
mann et al., 2025), prior approaches typically issue
independent searches and aggregate noisy evidence
without explicit verification.

Passage Selection and Context Optimization.
Recent work emphasizes compact evidence selec-
tion. Set-wise and listwise reranking methods
such as SetR (Lee et al., 2025a) and RankZephyr
(Pradeep et al., 2023) improve coverage over in-
dependent scoring, while pruning and refinement
approaches (e.g., Provence (Chirkova et al., 2025),
Self-RAG (Asai et al., 2024)) reduce spurious con-
text. RankRAG (Yu et al., 2024) jointly performs
ranking and generation via supervised fine-tuning
but incurs substantial training cost. In contrast,
our method explicitly decouples precision and re-
call into separate agents within an iterative loop,

enabling controllable evidence expansion without
fine-tuning.

Agentic and Finetuned Retrieval. RL- and SFT-
based retrievers such as CoRAG (Wang et al.,
2025), R1-Searcher (Song et al., 2025), and O2-
Searcher (Mei et al., 2025) embed retrieval poli-
cies into model weights, achieving strong results
at high training cost and limited portability. Other
approaches optimize context post-retrieval via com-
pression (e.g., RECOMP (Xu et al., 2024), EXIT
(Hwang et al., 2025)) or structural indexing (e.g.,
RAPTOR (Sarthi et al., 2024)). Our framework in-
stead operates purely at inference time, leveraging
off-the-shelf LLMs to iteratively balance precision
and recall over flat indices for multi-hop QA.

We provide an extended review of related work,
including a more detailed comparison with exist-
ing retrieval and agentic reasoning approaches, in
Appendix B.

6 Conclusion

We presented PRISM, an agentic retrieval frame-
work for multi-hop question answering that treats
retrieval as an iterative, reasoning-driven pro-
cess. By decomposing questions and collaborating
through a precision-oriented Selector and a recall-
oriented Adder agent, PRISM constructs evidence
sets that are both compact and comprehensive, with-
out requiring task-specific fine-tuning. Across four
challenging benchmarks, PRISM consistently im-
proves retrieval quality and downstream QA per-
formance, surpassing recent baselines while using
significantly less irrelevant context. The frame-
work generalizes across LLM backends and op-
erates purely at inference time, offering a favor-
able performance–cost trade-off. We believe this
work provides a practical foundation for future re-
search on reasoning-centric retrieval in complex,
knowledge-intensive tasks.

Limitations

Despite its effectiveness, our approach has sev-
eral limitations that suggest directions for future
work. First, the multi-agent architecture incurs
higher computational cost than single-pass retrieval
pipelines. While this overhead is partially miti-
gated by compact evidence sets and a bounded
number of iterations, improving efficiency remains
important for scaling to larger corpora or latency-
sensitive settings.

40218



Second, although the Selector–Adder loop re-
covers most relevant evidence, it may occasionally
miss subtle reasoning chains or introduce redun-
dancy when passages are only weakly connected.
Addressing this limitation may require more adap-
tive iteration control, uncertainty-aware selection
mechanisms, or tighter coupling between retrieval
decisions and explicit reasoning signals.

Finally, our evaluation is limited to standard
multi-hop QA benchmarks. Applying the frame-
work to specialized domains such as scientific,
biomedical, or legal corpora may require domain-
specific adaptations, including tailored retrieval
strategies or specialized prompting. In scenarios
where the candidate pool is very large (e.g., thou-
sands of passages), directly applying PRISM may
be challenging due to LLM context limitations. Ex-
tending PRISM to open-domain retrieval, for exam-
ple by integrating an external retriever to generate
a manageable candidate pool, remains an important
direction for future work.

Ethical Considerations

This work studies retrieval methods for multi-hop
question answering using publicly available bench-
marks and corpora, which do not contain sensitive
personal data. The proposed framework does not
involve data collection, annotation, or model train-
ing, and therefore poses minimal privacy risk.

As with other retrieval-augmented systems, the
approach may reflect biases present in the under-
lying corpora or language models. In addition, the
system is evaluated only on benchmark datasets
and should not be deployed in high-stakes domains
without domain-specific validation and appropriate
human oversight.
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A Supplementary Analysis and Results

A.1 Additional Results

Passage-Level QA Performance. Table 6 re-
ports the QA agent’s performance when restricted
to answering from the passages retrieved by our
framework that contain the supporting facts. In-
stead of supplying only the supporting facts, we
provide entire passages, and the QA agent performs
better than full context baseline.

This setting yields stronger QA performance
than the full-context baseline, reaching 44.4 EM
and 56.81 F1 on 2WikiMultiHopQA and 47.8 EM
and 61.15 F1 on HotpotQA. These results highlight
that compact yet relevant context is more effective
than supplying the entire context, as removing dis-
tractors allows the QA agent to better utilize the
evidence.

Dataset EM F1

HotpotQA 47.8 61.15

2WikiMultiHopQA 44.4 56.81

Table 6: Passage Level QA performance. QA Agent
answers the question from the retrieved passages.

Fact-Level Retrieval Performance. To provide
a more fine-grained evaluation of retrieval qual-
ity, we also report sentence-level (fact-wise) preci-
sion, recall, and F1 for our agentic retrieval frame-
work on HotpotQA and 2WikiMultiHopQA. Un-
like passage-level metrics, which count an entire
paragraph as correct if it contains at least one gold
supporting fact, the sentence-level evaluation re-
quires retrieving the exact gold supporting sen-
tences.

Dataset P R F1

HotpotQA 56.70 75.51 64.77

2WikiMultiHopQA 60.81 74.42 66.93

Table 7: Fact-level retrieval performance of our agen-
tic retrieval framework on HotpotQA and 2WikiMulti-
HopQA. Metrics are precision (P), recall (R), and F1 at
the fact (sentence) level.

These results show that our framework not only
retrieves the correct passages but also identifies
the exact supporting facts needed to answer multi-
hop questions. This highlights the ability of the
Selector⇔Adder loop to reduce noise and capture

fine-grained evidence, complementing the passage-
level metrics reported in the main paper.

A.2 Error Analysis

Error Analysis (HotPotQA). On HotpotQA
evaluation set, we examined two error subsets: (1)
items with incomplete evidence retrieval (recall
< 1.0) and (2) items where the QA Agents’s pre-
dicted answer did not exactly match the gold an-
swer (match_retrieved < 1.0). As shown in Fig-
ure 5, the majority of errors in both groups are
bridge questions (90.4% for retrieval failures and
83.8% for answer mismatches), with the remain-
der classified as comparison. Notably, among the
items where answer mismatches, about 37% cases
the error occur despite perfect retrieval recall, high-
lighting that a substantial fraction of failures stem
from the QA model rather than the retriever.

Error Analysis (2WikiMultiHopQA). In Fig-
ure 5, we performed a similar analysis on the 2Wiki-
MultiHopQA evaluation set. Among the ques-
tions with incomplete evidence retrieval (recall<
1.0), the majority are compositional (57.6%), fol-
lowed by bridge_comparison (17.9%), inference
(19.2%), and comparison (5.2%). For the ques-
tions where the QA Agent’s answer did not ex-
actly match the gold label (match_retrieved< 1.0),
the distribution is similar: 62.7% compositional,
11.3% bridge_comparison, 21.0% inference, and
5.1% comparison. Notably, about 33% of these an-
swer mismatches occurred despite perfect retrieval
recall, indicating that roughly one-third of the an-
swer errors originate from the QA model itself
rather than from the retriever.

Error Analysis (MuSiQue). On the MuSiQue
evaluation set, we analyzed errors by question hop
count and summarized it in Figure 5. Among the
questions with incomplete retrieval (recall< 1.0),
33.3% require 2 hops, 41.4% require 3 hops, and
25.3% require 4 hops. For the 181 questions where
the QA reader’s prediction did not exactly match
the gold (match_retrieved< 1.0), 41.4% are 2-hop,
38.1% are 3-hop, and 20.4% are 4-hop. Notably,
about 53% of these answer mismatches occurred
despite perfect retrieval recall, revealing that over
half of the MuSiQue answer errors stem from the
QA model itself rather than from evidence retrieval.

Error Analysis (MultiHopRAG). From Fig-
ure 5 we can observe that on the MultiHopRAG
evaluation set, among the questions exhibited in-
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Figure 5: Error analysis across HotpotQA, 2WikiMultiHopQA, MultiHopRAG and MuSiQue. We compare the
distribution of retrieval errors and QA answer errors across question types or hop counts. Across datasets, the
error distributions for retrieval and QA are broadly similar, with compositional questions dominating errors in
2WikiMultiHopQA, bridge questions dominating HotpotQA, and 2–3 hop questions accounting for most errors in
MuSiQue.

complete retrieval (recall< 1.0) are dominated
by inference queries (42.6%), with comparison
and temporal queries accounting for 30.4% and
27.0%, respectively. Among the samples where
the QA reader’s prediction did not match the gold
answer (match_retrieved< 1.0), the distribution
shifts: comparison and temporal queries each
contribute 45.2%, while only 9.7% are inference
queries. This indicates that retrieval struggles most
with inference-style questions, whereas answer gen-
eration errors are more prevalent for comparison
and temporal questions even when supporting evi-
dence is retrieved.

Cross-Dataset QA Behavior. Table 8 provides
a critical observation by comparing QA perfor-
mance under two contrasting conditions. The first
column (QA Mismatch @ Recall = 1.0) captures
cases where the retriever successfully collected all
gold supporting evidence, yet the QA agent still
failed to produce the correct answer. This high-
lights reasoning or answer synthesis errors beyond
retrieval. For instance, mismatch rates are high
on HotpotQA (37.1%) and especially MuSiQue
(53.6%), reflecting the greater reasoning complex-
ity of these datasets.

The second column (QA Match @ Recall < 1.0)
reports cases where the QA agent produced the cor-
rect answer despite missing at least one gold sup-
porting fact. This suggests that some datasets con-
tain redundant evidence, and not all gold-labeled
facts are always necessary to answer the question
correctly. Notably, MultiHopRAG shows a high

proportion of such cases, with 64.3% still answered
correctly, whereas MuSiQue remains much lower
at 15.2%, indicating less redundant evidence and
more carefully curated gold supporting facts.

Overall, these results reveal a nuanced picture:
full recall does not guarantee correctness if rea-
soning fails, and conversely, partial recall can still
suffice when evidence redundancy exists. This
underscores the need for both high-quality retrieval
and robust reasoning in multi-hop QA.

Analysis on Question Analyzer. Due to the
multi-hop nature of the questions, we use the Ques-
tion Analyzer agent to carefully decompose each
query into subquestions. In our initial experiments,
we observed that LLMs perform remarkably well
at this decomposition step. In addition, the gen-
erated subquestions are provided to the Selector
and Adder agents as complementary signals along
with the original question, helping them identify
and retain the essential evidence needed to answer
the query. Since our framework includes a recall-
oriented Adder agent for recovery, errors are less
likely to propagate through the iterative loop. To
asses robustness, we conducted an error analysis
in our initial experiments, where we manually in-
spected 100 failure cases across HotpotQA and
MuSiQue. Only 8% stemmed from decomposition
errors (e.g., overly granular sub-questions).

A.3 Efficiency and Scalability
Table 9 demonstrate that Our approach is faster,
requiring fewer LLM calls (7 vs. 8) and processing
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Dataset QA Mismatch @ Recall = 1.0 QA Match @ Recall < 1.0

HotpotQA 37.11 42.62

2WikiMultiHopQA 32.68 24.45

MuSiQue 53.59 15.15

MultiHopRAG 12.90 64.28

Table 8: QA Agent accuracy (%) under different retrieval coverage. The first column shows the proportion of
questions where the QA agent did not matched the gold answer when all supporting evidence was retrieved
(recall=1.0). The second column shows accuracy where QA Agent matched the gold answer even when evidence
recall was below 1.0.

Method #LLM Calls Avg Tokens / Query Latency (s) Context Reduction

IRCoT 8 26k 16 -

CoRAG (L = 10) 10 21k 15 -

PRISM (Ours) 8 14k 8.6 73.3%

Table 9: Efficiency and scalability comparison. We report number of LLM calls, average tokens per query, inference
latency, and reduction in context size on HotPotQA dataset.

less than half the average tokens per query (14k vs.
26k) compared to IRCoT. This leads to a notable re-
duction in inference latency, achieving 8.6 seconds
compared to IRCoT’s 16 seconds. Additionally,
the method is highly efficient in managing context,
resulting in a 73.3% reduction in context size.

Dataset IRCoT (#tok/query) PRISM (#tok/query)

HotpotQA 26k 14k
2Wiki 22.8k 10.1k
MuSiQue 36k 28.1k
MHRAG – 29.4k

Table 10: Average token usage per query across datasets.
PRISM uses a fixed agentic pipeline with a constant
number of LLM calls, resulting in predictable computa-
tional cost. Compared to IRCoT, PRISM consistently
requires fewer tokens on datasets where both methods
are evaluated.

To provide a more comprehensive understand-
ing of computational cost, we extend our analysis
beyond HotpotQA to multiple datasets. In PRISM,
the overall cost is largely independent of question
type or hop count, since all queries are processed
using the same fixed agentic pipeline with a con-
stant number of LLM calls. The Question Analyzer
decomposes the input into sub-questions without
increasing the number of calls, while the main cost
driver is the iteration depth of the Selector⇔Adder
loop. In our default setting, PRISM uses a fixed
budget of 8 LLM calls per query, making its com-
putational structure predictable across datasets. To-
ken usage varies primarily with dataset character-

istics, especially the size and length of candidate
documents. As shown in Table 10, PRISM consis-
tently requires fewer tokens than strong iterative
baselines such as IRCoT while maintaining strong
retrieval performance (e.g., 26k vs. 14k on Hot-
potQA, 22.8k vs. 10.1k on 2Wiki, and 36k vs. 28.1k
on MuSiQue). These results highlight that PRISM
achieves a favorable efficiency–performance trade-
off with lower and more predictable computational
cost.

A.4 Hallucination Analysis

While PRISM primarily targets evidence selection
rather than hallucination mitigation, we hypothe-
size that constructing a compact yet sufficiently
complete evidence set can reduce unsupported an-
swer generation by removing distracting passages
while preserving the information required for multi-
hop reasoning. Since retrieval and QA metrics
alone do not directly measure hallucination, we
conduct an additional manual analysis to evaluate
this effect.

We randomly sample 100 examples from each
of HotpotQA and MuSiQue and compare answers
generated using the Full Evidence setting with
those generated using PRISM-retrieved evidence.
We manually label an answer as hallucinated when
it contains claims that are not supported by the
provided evidence or when the generated answer
cannot be justified from the available context. The
same evaluation criterion is applied to both settings.

As shown in Table 11, PRISM substantially
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Dataset Full PRISM Reduction

HotpotQA 37% 24% 13 points
MuSiQue 48% 37% 11 points

Table 11: Manual analysis of unsupported answer gen-
eration on 100 randomly sampled examples from each
dataset. PRISM-retrieved evidence results in a lower
hallucination rate than providing the full retrieved evi-
dence.

reduces unsupported answer generation on both
datasets. On HotpotQA, the hallucination rate de-
creases from 37% with Full Evidence to 24% with
PRISM, corresponding to a 13-point absolute re-
duction. On MuSiQue, it decreases from 48% to
37%, an 11-point reduction. These results suggest
that exposing the QA model to all retrieved pas-
sages is not necessarily beneficial: irrelevant or
distracting evidence can encourage unsupported
reasoning even when the required supporting infor-
mation is present.

This analysis provides additional evidence that
PRISM’s iterative precision–recall mechanism im-
proves not only retrieval quality and downstream
QA performance, but also the grounding of gen-
erated answers. By filtering distractors while re-
covering potentially missing supporting evidence,
PRISM constructs a more focused evidence state
from which the QA model can reason. We empha-
size, however, that this analysis is based on a man-
ually annotated subset rather than a comprehensive
hallucination benchmark, and therefore interpret
these results as supporting evidence rather than as a
general claim that PRISM eliminates hallucination.

A.5 Discussion on 2WikiMultiHopQA
Performance

On 2WikiMultiHopQA, PRISM achieves lower
downstream QA performance than IRCoT and
CoRAG, despite maintaining strong retrieval re-
call. We believe this gap may arise from both the
characteristics of the dataset and differences in the
learning and inference settings of the compared
methods.

First, 2WikiMultiHopQA often benefits from re-
taining broader entity-linked evidence during multi-
hop reasoning. In such cases, recall-oriented it-
erative retrieval methods can preserve additional
contextual passages that may help establish inter-
mediate entity relations or bridge reasoning steps.
PRISM, in contrast, explicitly aims to construct a
compact evidence set by filtering potentially dis-

tracting passages while recovering evidence judged
necessary for the reasoning chain. This design
can therefore trade some potentially useful aux-
iliary context for greater evidence compactness.
On datasets such as 2WikiMultiHopQA, where
broader contextual coverage can be beneficial, this
precision-oriented compression may limit down-
stream QA performance even when the required
supporting evidence is largely retained.

Second, the comparison should be interpreted in
light of differences in supervision. PRISM operates
in a zero-shot, training-free setting, whereas IR-
CoT uses few-shot in-context demonstrations and
CoRAG relies on task-specific fine-tuning. Con-
sequently, their performance reflects not only dif-
ferences in retrieval strategy but also additional
supervision available during inference or training.
In particular, CoRAG can learn dataset-specific re-
trieval and reasoning behavior through fine-tuning,
while PRISM applies the same general inference-
time mechanism without parameter updates.

Overall, the 2WikiMultiHopQA results high-
light an important trade-off. Recall-heavy or
trained approaches can be advantageous when
broader contextual retention is particularly use-
ful, whereas PRISM prioritizes a training-free and
model-agnostic mechanism for constructing com-
pact yet sufficient evidence. This observation is
consistent with PRISM’s broader objective of im-
proving evidence efficiency while maintaining com-
petitive downstream QA performance across di-
verse multi-hop benchmarks.

B Extended Literature Review

Multi-hop QA and Retrieval. Benchmarks such
as HotpotQA (Yang et al., 2018), 2WikiMulti-
HopQA (Ho et al., 2020), and MuSiQue (Trivedi
et al., 2022) have driven progress in multi-hop rea-
soning over large corpora. Early retrieval pipelines
relied on iterative query rewriting or entity linking
(e.g., Graph Retriever (Asai et al., 2020), PathRe-
triever, MDR (Xiong et al., 2021)), learning to tra-
verse chains of documents. These methods are
effective but brittle: errors in early hops often
propagate, degrading final performance. Khattab
et al. (2022) introduced the Demonstrate-Search-
Predict (DSP) framework, showing how tightly in-
tegrating retrieval with reasoning improves perfor-
mance on knowledge-intensive tasks. Khot et al.
(2023) proposed Decomposed Prompting, which
breaks complex queries into simpler sub-problems
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to enhance reasoning. Decomposition has long
been used to simplify complex queries, from early
heuristic methods (Talmor and Berant, 2018; Min
et al., 2019) to recent LLM-based prompting strate-
gies (Ammann et al., 2025; Khot et al., 2023; Fu
et al., 2021). We adopt the decomposition idea
in the Question Analyzer agent, which generates
sub-questions to guide retrieval, but integrate it
within a structured multi-agent loop. While Ques-
tion Decomposition (Ammann et al., 2025; Khot
et al., 2023) is foundational to multi-hop QA, prior
methods typically use decomposition to issue in-
dependent search queries, often aggregating noisy
results without verification.

Recent work has explored adaptive, iterative,
and query-refinement approaches for retrieval-
augmented QA. Adaptive-RAG (Jeong et al., 2024)
routes questions to different retrieval strategies
based on predicted complexity, while ReSCORE
(Lee et al., 2025b) improves multi-hop retrieval
by training a dense retriever with LLM-derived
supervision. RQ-RAG (Chan et al., 2024) in-
stead focuses on refining queries through rewriting,
decomposition, and disambiguation. In contrast,
PRISM is training-free and operates at inference
time to refine the evidence set itself through a Selec-
tor–Adder loop that explicitly balances precision
and recall, yielding compact yet comprehensive
evidence for multi-hop QA.

Passage Selection and Reranking. Parallel work
focuses on selecting compact supporting sets. Tra-
ditional rerankers score passages independently,
which can miss coverage of all reasoning needs.
SetR (Lee et al., 2025a) addresses this by perform-
ing set-wise selection with LLM reasoning, opti-
mizing for coverage across question aspects. Other
efforts refine or prune retrieved knowledge before
generation, e.g., Provence (Chirkova et al., 2025)
and Self-RAG (Asai et al., 2024), both aiming to re-
duce spurious context. RankZephyr (Pradeep et al.,
2023) introduces an open-source, instruction-tuned
model for listwise zero-shot reranking, showing
that smaller transparent models can rival or sur-
pass proprietary systems across both in-domain and
out-of-domain benchmarks. While RankZephyr fo-
cuses on improving listwise reranking efficiency
and reproducibility, our framework targets multi-
hop retrieval with an explicit precision–recall bal-
ancing mechanism, addressing a different chal-
lenge in evidence selection. Our Selector agent is
conceptually related to set-wise and listwise rerank-

ing, but we explicitly decouple precision (Selector)
and recall (Adder) in an iterative loop, which pro-
vides better control over the precision–recall trade-
off in multi-hop QA. RankRAG (Yu et al., 2024)
unifies context ranking and answer generation by
instruction-tuning a single LLM to jointly perform
both tasks. While this eliminates the need for a
separate reranker, it relies on expensive supervised
fine-tuning (SFT) and high-quality training data.

Finetuned Retrievers and Context Optimiza-
tion Recent work has explored optimizing re-
trieval through context compression, reinforcement
learning, and structural alignment. Context Com-
pression methods such as RECOMP (Xu et al.,
2024) and EXIT (Hwang et al., 2025) aim to re-
duce the noise and cost of large context windows by
summarizing or compressing retrieved documents
before they reach the generation model. While
effective for token efficiency, these approaches op-
erate as a post-retrieval step processing whatever
the retriever initially returns. Another line of re-
search focuses on Finetuned and RL-based Retriev-
ers. Systems such as CoRAG (Wang et al., 2025),
R1-Searcher (Song et al., 2025), and O2-Searcher
(Mei et al., 2025) utilize supervised fine-tuning
(SFT) or reinforcement learning (RL) to train spe-
cialized agents that learn to issue search queries
or reformulate questions. While these methods
achieve strong performance by baking retrieval ca-
pabilities into the model weights, they require sig-
nificant computational resources for training and
are often tied to specific model architectures. Our
method leverages the inherent reasoning capabili-
ties of off-the-shelf LLMs without requiring task-
specific fine-tuning, making it a lightweight, model-
agnostic solution that can be easily deployed with
any capable instruction-tuned model.

Alignment-Oriented Methods like ARM (Chen
et al., 2025) use a single-shot, solver-based strat-
egy to align questions with structured data layouts.
Our framework instead targets multi-hop reason-
ing over unstructured text, addressing reasoning
chains through an iterative precision–recall loop.
RAPTOR (Sarthi et al., 2024) require costly corpus
pre-processing and recursive index reconstruction
to build tree-organized knowledge structures. In
contrast, PRISM achieves its strong performance
purely through inference-time agentic interaction
over standard flat indices, avoiding this significant
upfront computational overhead.
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LLMs, Chain-of-Thought, and Agentic Re-
trieval. The rise of large language models en-
abled retrieval-augmented reasoning via prompt-
ing. Frameworks such as ReAct (Yao et al., 2023)
and Self-Ask (Press et al., 2023) interleave rea-
soning with tool calls, letting LLMs pose sub-
questions and fetch evidence on the fly. More
recently, IRCoT (Trivedi et al., 2023) explicitly
couples CoT reasoning with iterative retrieval, sub-
stantially improving recall by accumulating pas-
sages across reasoning steps. However, IRCoT
emphasizes recall over precision, often yielding
large evidence sets with many distractors. Our ap-
proach synthesizes three lines of research—LLM-
guided retrieval, set-wise selection, and decompo-
sition—into a unified framework. Unlike prior sys-
tems, we combine explicit decomposition with an
iterative precision-and-recall retrieval loop, achiev-
ing high recall while maintaining a compact and
noise-resistant evidence set.
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C Illustrative Example

To provide intuition on how our retrieval framework operates, we present an example from the 2WikiMul-
tiHopQA dataset. This case highlights the iterative interaction between the Adder and Selector agents and
the resulting evidence refinement.

Illustrative Example (ID: e95acdbc085f11ebbd5dac1f6bf848b6)

Question: Which film has the director who died earlier, Deuce High or The King Is The Best Mayor?
Gold Answer: The King Is The Best Mayor
Question Analyzer Output: ["Who directed Deuce High?", "Who directed The King Is The Best Mayor?",
"When did the director of Deuce High die?", "When did the director of The King Is The Best Mayor
die?", "Which director died earlier?"]
Initial Evidence (Zero-shot LLM):
[["Deuce High", 0], ["The King is the Best Mayor", 0]]
Iteration 1:
Adder: [["Deuce High", 0], ["The King is the Best Mayor", 0], ["Richard Thorpe", 0], ["Rafael Gil", 0]]
Selector: Same as Adder.
Iteration 2:
Adder: Added ["Richard Thorpe", 1] and ["Rafael Gil", 1].
Selector: Pruned to –> [ ["Deuce High", 0], ["The King is the Best Mayor", 0], ["Richard Thorpe",
0], ["Rafael Gil", 0] ]
Iteration 3:
Adder: Re-added –> ["Richard Thorpe", 1] and ["Rafael Gil", 1].
Selector: Retained the compact evidence set.
Final Retrieved Evidence:
[["Deuce High", 0], ["The King is the Best Mayor", 0], ["Richard Thorpe", 0], ["Rafael Gil", 0]]
Gold Supporting Facts: Same as the final retrieved evidence.
Retrieval Metrics:
Precision = 1.0, Recall = 1.0, F1 = 1.0, False Positive Rate = 0.0

This example illustrates how the Selector–Adder loop converges to the correct supporting evidence
set. Although downstream QA still requires subtle reasoning over death dates, the retrieval framework
achieves perfect precision and recall, demonstrating its ability to isolate the necessary facts with minimal
noise.
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D Prompts

Question Analyzer Prompt Template

You are a Question Analyzer Agent in a multi-hop question answering system.
Your task is to analyze a complex multi-hop question and decompose it into a sequence of concise
and meaningful subquestions that reflect the reasoning steps required to answer the original
question.
Extract subquestions by identifying:

• key entities (e.g., persons, organizations, locations, dates),

• important nouns or noun phrases (e.g., titles, concepts, objects),

• logical or temporal relationships (e.g., comparison, causality, sequence), and

• specific conditions or constraints in the question.

Each subquestion should retrieve or verify one specific piece of evidence that contributes to the
final answer. Return an ordered list of subquestions that forms a clear reasoning path from the
question to the answer. Keep each subquestion short, specific, and unambiguous.
Example Input:
Which actor played the brother of the character who was portrayed by the same actress that starred
in Legally Blonde?
Example Output:

1. Who starred in Legally Blonde?

2. What character did that actress portray in another film?

3. Who played the brother of that character?

Output Format:
Return a JSON object in the following format:
{"Subquestions": ["...", "..."]}
Question: [QUESTION]

Selector Agent Prompt Template

You are a Selector Agent in a multi-hop question answering system.
Your goal is to maximize precision and minimize false positives.
You are given:

• a complex multi-hop question,

• a set of subquestions representing the reasoning steps,

• a list of candidate facts, each represented as [title, sentence_index], and

• a set of currently selected evidence sentences.

Your task is to carefully remove only those evidence items that are definitely irrelevant for
answering any of the subquestions.
Important Guidelines:

• Do not remove sentences that are partially relevant or may help bridge reasoning steps.

• Retain sentences containing named entities, dates, or events referenced in the question.

• Do not add new items or regenerate content. Work strictly with the given evidence list.

Return only the pruned list of [title, sentence_index] pairs, with no explanation. The sentence
index starts from 0 for each paragraph.
Question: [QUESTION]
Subquestions: [SUBQUESTION]
Candidates: [CANDIDATES]
Current Selected Evidence: [CURRENT_EVIDENCE]
Output: Return only the updated list with clearly irrelevant sentences removed.
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Adder Agent Prompt Template

You are an Adder Agent in a multi-hop question answering system.
Your goal is to maximize recall while minimizing false positives.
You are given:

• a complex multi-hop question,

• a set of subquestions representing the reasoning steps,

• a list of candidate passages and sentences, and

• a set of currently selected evidence items, each represented as [title, sentence_index].

Your Task:
Add only those candidate sentences that are likely to support answering any of the subquestions.
Do Not Add:

• vague, unrelated, or overly general sentences,

• off-topic facts or irrelevant entities, and

• duplicates or sentences that overlap substantially with the existing evidence.

Focus On:

• bridging facts that connect entities across subquestions,

• sentences containing named entities, dates, definitions, or relationships mentioned in the
question, and

• factual statements that clearly contribute to the reasoning chain.

Do not remove or modify the currently selected evidence. Return a combined list of both current
and newly added items as [title, sentence_index] pairs, with no explanation. The sentence index
starts from 0 for each paragraph.
Question: [QUESTION]
Subquestions: [SUBQUESTION]
Candidates: [CANDIDATES]
Current Selected Evidence: [CURRENT_EVIDENCE]
Output: Return the updated evidence list with only relevant additions.

Answer Generator Prompt Template

You are a question answering agent.
Given a question and the supporting evidence, provide a concise, factual, and short answer based
only on the evidence. Do not include any additional words or explanation. If the answer cannot be
determined from the evidence, reply with 'Not Answerable'.
Question: [QUESTION]
Evidence: [EVIDENCE]
Answer:

E LLM Usage

Large language models were used only to improve the clarity and readability of this manuscript. After we
completed the technical content, an LLM suggested minor edits for grammar, style, and phrasing, which
we reviewed before inclusion. All conceptual contributions, analyses, and implementations are entirely
our own. LLMs were also occasionally used to assist with debugging code, and all program logic was
verified and integrated by the authors.
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