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ABSTRACT
Retrieval-augmented generation (RAG) is a natural fit for multi-hop question answering (QA) because it can  
explicitly retrieve and aggregate evidence across passages. However, the tight coupling between retrieval,  
evidence selection, and answer prediction complicates evaluation: a high answer score can mask missing 
evidence, and strong evidence recall can still fail if the reader is distractor-sensitive. This paper presents a fully  
reproducible, evidence-centric experimental study of multi-hop RAG-style pipelines on MuSiQue-Ans v1.0, a 
benchmark designed to require multi-hop reasoning. Using the official MuSiQue-Ans development split (2,417 
questions; 20 candidate passages per question; 2–4 annotated supporting passages), we measure (i) answer 
Exact Match (EM) and token-level F1, (ii) retrieval Hit@k and evidence Recall@k, and (iii) answer containment 
in retrieved contexts. We implement lexical retrievers (BM25 and TF-IDF) and a deterministic lexical reader 
(LexR) that extracts candidate answer spans from the most query-overlapping sentences. On MuSiQue dev 
with k=10, BM25 achieves 95.95% Hit@10 and 69.11% evidence Recall@10, while producing 1.78% EM and 
3.82% F1. Oracle retrieval that returns only supporting passages raises EM/F1 to 3.68%/8.75%, quantifying a 
large reader bottleneck even under perfect evidence. Detailed ablations, curves, runtime measurements, and 
an error taxonomy show that distractor passages degrade the reader as k increases and that retrieval misses 
explain 36.04% of BM25 failures at k=10. All results reported in this manuscript are empirically measured from 
the dataset and generated by a fixed-parameter, seeded evaluation pipeline.
Keywords: Retrieval-augmented generation; multi-hop question answering; evidence retrieval; MuSiQue; BM25; 
TF-IDF; evaluation; EM/F1

Introduction
Multi-hop  question  answering  (QA)  requires  a  system  to  combine  evidence  distributed  across  multiple 
passages. Unlike single-hop extractive QA, where an answer span is typically found in a single context, multi-
hop QA demands compositional reasoning: intermediate facts must be retrieved and chained to reach the final  
answer. This capability is central to knowledge-intensive natural language processing (NLP) and has been 
studied through benchmarks such as HotpotQA [6] and WikiHop [7].
Retrieval-augmented  generation  (RAG)  has  recently  emerged  as  a  practical  architecture  for  knowledge-
intensive tasks because it separates external knowledge access from parametric generation. Systems such as  
RAG [1], Dense Passage Retrieval (DPR) [2], REALM [3], and Fusion-in-Decoder (FiD) [4] show that retrieving 
relevant passages can improve answer quality and reduce hallucination. In a multi-hop setting, retrieval is not 
only a means of supplying context; it  is part of the reasoning process: each hop corresponds to selecting  
evidence that enables the next inference. As a result,  evaluating multi-hop RAG [22-24] systems requires  
measuring both answer quality and evidence quality.
Despite  progress,  multi-hop  benchmarks  can  contain  shortcuts  that  let  models  answer  correctly  without  
performing the intended reasoning steps. MuSiQue was proposed to address this issue through a bottom-up 
construction process that composes single-hop questions into connected multi-hop questions, with an explicit 
constraint that makes each hop necessary for solving the composed question [5].  MuSiQue also provides 
annotated supporting passages for each hop, making it suitable for evidence-centric evaluation of retrieval 
behavior, not only answer accuracy.
In practice, the evaluation of multi-hop RAG pipelines is often under-specified. Many reports focus on end-task 
metrics such as Exact  Match (EM) and token-level  F1 (popularized by SQuAD [8])  while leaving retrieval 
behavior implicit. However, answer metrics alone can be misleading for at least three reasons. First, a model 
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may answer correctly using a spurious correlation or a shortcut passage. Second, a model may retrieve the 
correct evidence but fail to aggregate it due to distractor sensitivity or poor reasoning. Third, retrieval quality  
itself  is  multi-faceted:  retrieving  at  least  one  supporting  passage  (Hit@k)  is  different  from  retrieving  all  
supporting passages (evidence Recall@k).
This paper targets the evaluation problem rather than proposing a new neural  architecture. We provide a  
complete,  reproducible  experimental  study  on  MuSiQue-Ans  v1.0  that  explicitly  measures  retrieval  and 
evidence quality  alongside answer metrics.  The goal  is  twofold:  (i)  to establish transparent  baselines that  
quantify where performance is lost in a multi-hop RAG pipeline, and (ii) to demonstrate how evidence-oriented 
diagnostics change the interpretation of results [25-35].
Our study implements two standard lexical retrievers: TF-IDF [12] and BM25 [11]. We also evaluate retrieval 
augmentation using the provided question decomposition (a list of hop-level sub-questions in MuSiQue) as  
additional retrieval queries, reflecting a common approach in multi-hop systems that decompose questions into 
steps [21]. For answer prediction, we use a deterministic lexical reader (LexR) that selects candidate answer  
spans from the most query-overlapping sentences. While LexR is not competitive with modern neural readers, 
it provides a controlled environment for analyzing the retrieval–reader interface and the effects of distractors 
[36-40].
We report  EM/F1,  retrieval  Hit@k, evidence Recall@k,  and answer containment at  multiple k values.  We 
further include oracle retrieval variants that (a) rank supporting passages first (Oracle-SF) and (b) return only 
supporting  passages  (Oracle-SO).  These  oracles  isolate  the  reader  bottleneck  and  quantify  distractor 
sensitivity as k increases. We also provide hop-wise and question-type breakdowns, runtime measurements, 
and an error taxonomy [41-49].
Concretely, the contributions of this work are: (1) a reproducible evidence-centric evaluation protocol for multi-
hop RAG on MuSiQue; (2)  empirical  baselines for  lexical  retrieval  and deterministic  reading with detailed 
curves  and  ablations;  (3)  quantitative  diagnostics  showing  how  retrieval  misses  and  distractor  effects 
contribute to overall error. By focusing on transparent measurement, we aim to make future improvements in 
multi-hop RAG systems easier to attribute to retrieval, evidence aggregation, or answer extraction.
Method
A. Dataset and Task Definition
We conduct all experiments on the MuSiQue-Ans v1.0 development split (2,417 questions). Each example 
provides a natural-language question q, a set of 20 candidate paragraphs P = {p_1, ..., p_20} sampled from 
Wikipedia-style text, a gold final answer a, and a list of annotated supporting paragraphs (is_supporting=true) 
that  specify  the  multi-hop  evidence  chain.  The  number  of  supporting  paragraphs  equals  the  number  of  
reasoning hops (2–4) for every example. MuSiQue also provides a gold question decomposition: an ordered 
list of hop-level sub-questions, which we use only for retrieval-query augmentation experiments (Section III-C).
Unlike open-domain QA settings where retrieval  is performed over a large external  corpus,  MuSiQue-Ans 
provides  a  fixed set  of  20  candidate  paragraphs per  question.  This  design  isolates  retrieval  ranking  and 
evidence selection: the retriever must rank the provided paragraphs such that supporting evidence appears in 
the top-k set used by the reader. We therefore treat each example as a small, per-question retrieval problem 
and report retrieval quality as a function of k.

Table 1. MuSiQue-Ans dev split statistics used in this study.

Statistic Value

Dataset MuSiQue-Ans v1.0 (development split)

# Questions 2,417

# Candidate paragraphs per question 20

Hop counts 2-hop: 1,252; 3-hop: 760; 4-hop: 405

Avg. # supporting paragraphs 2.65

Avg. question length (tokens) 18.44

Avg. answer length (tokens) 2.89
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Avg. paragraph length (tokens) 84.10

Answerable questions 100% (2,417/2,417)

Dev file size (bytes) 30,439,728 (~30.4 MB)

Figure 1 shows the overall evaluation pipeline, and Figure 2 summarizes the hop distribution on the dev split.

Figure 1. RAG multi-hop QA evaluation pipeline (retrieval → evidence metrics → reader).

Figure 2. Hop distribution derived from MuSiQue gold decompositions (2-hop/3-hop/4-hop).

B. Retrieval Models
For  each  example,  the  retriever  ranks  the  20  candidate  paragraphs  according  to  their  relevance  to  the 
question. Let r be an ordering of paragraph indices such that p_{r1} is the top-ranked paragraph. We evaluate 
several deterministic retrieval baselines.
1) Random: As a lower bound, we generate a random permutation of the 20 paragraphs using a fixed seed 
(13) combined with the example identifier. This baseline is deterministic and reproducible.
2) TF-IDF: We implement a standard term frequency-inverse document frequency (TF-IDF) cosine-similarity 
retriever [12]. For each example, we fit a TF-IDF vectorizer on the 20 paragraph texts and compute the cosine  
similarity between the question and each paragraph vector. Paragraphs are ranked in descending similarity,  
with ties broken by the paragraph index.
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3) BM25: We implement a BM25 lexical retriever under the probabilistic relevance framework [11]. For each 
example, BM25 scoring is computed between the question tokens and paragraph tokens with fixed parameters  
k1=1.2 and b=0.75. Inverse document frequencies are computed over the 20 candidate paragraphs.
4) Decomposition-Augmented Retrieval (TFIDF+Decomp and BM25+Decomp): MuSiQue provides a gold hop-
level question decomposition. We use the decomposition to augment retrieval queries without using any gold 
intermediate answers. Specifically, for each example we build a query set Q = {q}  {q_h} where q is the∪  
original  question  and  q_h  is  the  textual  sub-question  for  hop  h.  We  compute  a  relevance  score  s(p)  = 
max_{q' Q} sim(p, q'), where sim is either TF-IDF cosine similarity or BM25 score. Paragraphs are ranked by∈  
s(p)  in  descending order.  This  method approximates a decomposition-based retriever that  issues multiple 
retrieval queries and aggregates results [21].
5) Oracle Retrieval Variants: To isolate the reader bottleneck, we define two oracle rankings using the gold  
is_supporting  labels.  Oracle-SF  (support-first)  places  all  supporting  paragraphs  before  all  distractors, 
preserving distractors after the supporting set. Oracle-SO (support-only) returns only supporting paragraphs (2
–4 items) and removes all  distractors. These oracles quantify the upper bound of answer extraction given  
perfect evidence ordering and the impact of distractor passages.

C. Lexical Reader (LexR)
Given a ranked list of paragraphs, the reader produces an answer string \hat{a} using the top-k paragraphs.  
Instead of a neural model, we employ a deterministic lexical reader (LexR) to ensure that all reported results  
are fully reproducible without training. LexR is designed to be transparent rather than high-performing.
LexR operates in four steps. (1) Context construction: it concatenates the paragraph_text fields of the top-k 
ranked  paragraphs  with  spaces  to  form  a  context  string  C_k.  (2)  Sentence  selection:  it  splits  C_k  into 
sentences using punctuation-based boundaries and scores each sentence by an overlap score overlap(s,q)=|
tok(s)∩tok(q)|/sqrt(|tok(s)|),  where tok(.)  extracts  lowercase alphanumeric  tokens.  LexR keeps the top five 
sentences by overlap score. (3) Candidate extraction: from each selected sentence, LexR extracts candidate 
answer strings from (i) four-digit year patterns and (ii) sequences of capitalized tokens optionally connected by  
prepositions/conjunctions (e.g., 'University of Notre Dame'). (4) Candidate scoring: each candidate c receives a 
score equal to the maximum sentence overlap score among sentences that contain c, plus a length bonus 
0.01·|tok(c)| and a frequency bonus 0.1·log(freq(c,C_k)+1). For questions whose first token is 'when' or that  
contain  the  token  'year',  LexR  adds  an  additional  +0.5  bonus  to  year  candidates  and  -0.1  to  non-year  
candidates. The final prediction \hat{a} is the candidate with the highest score, with ties broken by shorter  
string length and then lexicographic order.
LexR makes no use of gold answers, gold supporting indices, or any supervised training. It depends only on 
the question and the retrieved text.  While  such a reader  is  weak on multi-hop reasoning,  it  is  useful  for 
diagnosing retrieval behavior and distractor sensitivity, and it provides a deterministic baseline that can be 
rerun exactly.

D. Metrics
We report both retrieval and answer metrics to separate evidence access from answer extraction.
1) Retrieval Hit@k: For an example with supporting index set S, Hit@k=1 if S intersects the top-k retrieved 
indices, and 0 otherwise. We report the mean Hit@k over all questions.
2)  Evidence  Recall@k:  Evidence  Recall@k  measures  how  many  of  the  gold  supporting  paragraphs  are 
retrieved in the top-k set.  For each example,  Recall@k = |S ∩ topk|  /  |S|,  and we report  the mean over  
questions.
3) Answer Containment@k: We measure whether the gold final  answer (including aliases when provided)  
appears as a substring in the top-k concatenated context. This estimates the ceiling imposed by retrieval for 
extractive readers.
4)  Answer  EM  and  F1:  We  compute  EM  and  token-level  F1  using  the  standard  SQuAD  normalization 
procedure [8]. Answers are lowercased, punctuation is removed, and articles {a, an, the} are removed before 
comparison. For each prediction, we take the maximum EM/F1 over the set of acceptable gold strings G = 
{answer}  answer_aliases.∪
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E. Implementation and Reproducibility
All experiments were executed on the MuSiQue-Ans dev file in JSONL format. Each experiment uses the  
same fixed hyperparameters described above. Random retrieval uses seed 13. Tokenization uses the regular 
expression "[A-Za-z0-9]+" applied to lowercase text. TF-IDF retrieval uses scikit-learn's TfidfVectorizer with 
English stop-word removal. BM25 uses k1=1.2 and b=0.75. LexR uses top-five sentence selection and the 
candidate scoring function defined in Section III-C.
We evaluate k  {1, 2, 5, 10, 15, 20}. Unless otherwise stated, the primary setting is k=10, which is a common∈  
choice for RAG systems that balance context size and noise. All numeric results in Section IV are computed 
directly from the dataset and the fixed-parameter evaluation code, and therefore can be reproduced exactly 
given the same input file.

Table 2. Fixed hyperparameters and settings for retrieval and reading.

Component Setting Value

Random retriever Seed 13 (combined with example id)

TF-IDF retriever Vectorizer TfidfVectorizer(stop_words='english')

TF-IDF retriever Scoring Cosine similarity; tie-break by paragraph index

BM25 retriever k1 1.2

BM25 retriever b 0.75

Decomp augmentation Query set Q {q}  {q_h} (no intermediate answers used)∪

Decomp augmentation Aggregation s(p)=max_{q' Q} sim(p,q')∈

LexR reader Sentence selection Top 5 sentences by overlap(s,q)

LexR reader Candidate types Year patterns + capitalized spans

LexR reader Candidate score max overlap + 0.01·|tok(c)| + 0.1·log(freq+1) (+year bonus if applicable)

Evaluation k values {1, 2, 5, 10, 15, 20}

Evaluation Normalization SQuAD-style (lowercase, remove punctuation/articles) [8]

Results and Discussion

This  section reports  empirical  results  on MuSiQue-Ans dev.  We first  summarize overall  retrieval  and QA  
metrics at k=10 (Section IV-A), then analyze how performance varies with k (Section IV-B), and finally provide  
hop-wise,  question-type,  ablation,  efficiency,  and  error  analyses  (Sections  IV-C–IV-F).  Unless  stated 
otherwise, all numbers are computed over all 2,417 dev questions and reported as percentages for readability.

A. Overall Retrieval and QA Performance
Table 3. Main results at k=10 on MuSiQue-Ans dev. Hit@10/EvidenceRecall@10/AnsContain@10 measure retrieval 

and evidence quality; EM/F1 measure answer quality produced by LexR.

Method EM (%) F1 (%) Hit@10 (%) EviRecall@10 (%) AnsContain@10 (%)

Random 1.53 3.38 83.16 49.47 55.98

TF-IDF 1.78 3.78 94.25 63.75 56.10

BM25 1.78 3.82 95.95 69.11 63.96

TFIDF+Decomp 1.86 3.74 92.01 60.92 50.68

BM25+Decomp 1.70 3.84 95.61 69.61 64.25

Oracle-SF 2.11 4.96 100.00 100.00 100.00

Oracle-SO 3.68 8.75 100.00 100.00 100.00

Table 3 shows a consistent  pattern across lexical  retrievers:  retrieval  quality  is  high while  answer quality  
remains low. For example, BM25 achieves Hit@10=95.95% and evidence Recall@10=69.11%, meaning that 
in most questions at least one supporting paragraph is retrieved within the top 10, and on average about 69% 
of the gold supporting set is covered. Nevertheless, BM25+LexR reaches only 1.78% EM and 3.82% F1. This 
gap illustrates that multi-hop QA failure is not explained by retrieval misses alone; it  also reflects a weak 
evidence aggregation and answer extraction stage.
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TF-IDF retrieval provides similar Hit@10 (94.25%) but lower evidence Recall@10 (63.75%). BM25 improves 
evidence recall and increases answer containment at k=10 from 56.10% (TF-IDF) to 63.96%. Because LexR is 
extractive over the retrieved context, answer containment is a meaningful proxy for the maximum achievable  
EM/F1 under extractive reading: when the gold answer string does not appear in the top-k context,  LexR  
cannot output it exactly.
Random retrieval  is  substantially  weaker  (Hit@10=83.16%,  evidence Recall@10=49.47%),  confirming that 
lexical  relevance  signals  are  useful  even  within  the  restricted  20-passage  candidate  set.  Decomposition-
augmented variants show mixed behavior: BM25+Decomp slightly increases evidence Recall@10 to 69.61% 
but does not improve EM/F1 beyond BM25. TFIDF+Decomp reduces retrieval metrics compared with TF-IDF,  
indicating  that  naïvely  adding  hop-level  sub-questions  can introduce noisy  query  terms (e.g.,  placeholder 
tokens such as '#1') that harm ranking when no intermediate answers are available.
Oracle retrieval variants reveal the reader bottleneck. Oracle-SF (support-first) yields EM/F1=2.11%/4.96% at 
k=10,  while  Oracle-SO  (support-only)  yields  3.68%/8.75%.  Since  both  oracles  provide  perfect  evidence 
coverage, the difference between Oracle-SF and Oracle-SO isolates distractor sensitivity: adding distractor  
passages after the supporting set (as in Oracle-SF when k is large) substantially degrades LexR.
Figures 3 and 4 visualize retrieval Hit@k and evidence Recall@k as k increases.

Figure 3. Retrieval Hit@k curves for different retrievers and oracles on MuSiQue-Ans dev.
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Figure 4. Evidence Recall@k curves for different retrievers and oracles on MuSiQue-Ans dev.
To make the retrieval comparisons explicit, Tables 4 and 5 list Hit@k and evidence Recall@k at multiple k  
values.

Table 4. Retrieval Hit@k (%) at k {1,2,5,10,20}.∈

Method Hit@1 Hit@2 Hit@5 Hit@10 Hit@20

Random 13.65 25.82 54.36 83.16 100.00

TF-IDF 52.63 67.77 84.36 94.25 100.00

BM25 51.30 67.15 85.73 95.95 100.00

TFIDF+Decomp 46.34 61.11 81.30 92.01 100.00

BM25+Decomp 50.19 67.19 86.35 95.61 100.00

Oracle-SF 100.00 100.00 100.00 100.00 100.00

Oracle-SO 100.00 100.00 100.00 100.00 100.00
Table 5. Evidence Recall@k (%) at k {1,2,5,10,20}.∈

Method EviRecall@1 EviRecall@2 EviRecall@5 EviRecall@10 EviRecall@20

Random 5.24 10.35 25.11 49.47 100.00

TF-IDF 21.32 32.00 48.42 63.75 100.00

BM25 20.77 31.48 50.46 69.11 100.00

TFIDF+Decomp 18.77 28.46 45.38 60.92 100.00

BM25+Decomp 20.20 31.23 50.69 69.61 100.00

Oracle-SF 40.57 81.14 100.00 100.00 100.00

Oracle-SO 40.57 81.14 100.00 100.00 100.00

Table 4 confirms that lexical retrievers quickly recover at least one supporting paragraph as k grows. BM25 
reaches  Hit@5=85.73%  and  Hit@10=95.95%,  while  TF-IDF  achieves  Hit@10=94.25%.  Random  retrieval 
requires much larger k to reach comparable hit rates.
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Evidence Recall@k in Table 5 grows more slowly than Hit@k because multi-hop questions typically require  
retrieving multiple supporting paragraphs. BM25 attains 50.46% evidence Recall@5 and 69.11% Recall@10, 
indicating that the top 10 paragraphs contain about 1.83 of the 2.65 supporting paragraphs on average. Oracle  
rankings provide a sanity check: because supporting paragraphs are placed first, Recall@1 and Recall@2 are  
limited  by  the  fact  that  many  questions  require  3–4  supporting  paragraphs,  so  Recall@1=40.57%  and 
Recall@2=81.14% even under a perfect ranking.
Across methods,  the difference between Hit@k and evidence Recall@k suggests  that  systems optimized 
solely for first-hop retrieval can still miss later-hop evidence. For multi-hop RAG, evidence recall is therefore a 
more informative diagnostic than hit rate alone.

B. Effect of k and Distractor Sensitivity
RAG  systems  typically  choose  k  to  trade  off  evidence  coverage  against  noise  from additional  retrieved 
passages. This trade-off is particularly sharp for multi-hop QA because more hops require more supporting 
passages, but retrieving more passages also introduces more distractors. We quantify this effect by evaluating  
EM/F1 as a function of k for BM25 and for oracle retrieval variants.

Table 6. Answer EM/F1 (%) vs. k for BM25 and oracle retrieval variants using the LexR reader.

k BM25 EM (%) BM25 F1 (%) Oracle-SF EM (%) Oracle-SF F1 (%) Oracle-SO EM (%) Oracle-SO F1 (%)

1.00 1.70 3.39 3.97 7.74 3.97 7.74

2.00 1.94 3.89 2.98 7.77 2.98 7.77

5.00 1.78 4.03 2.90 6.73 3.68 8.75

10.00 1.78 3.82 2.11 4.96 3.68 8.75

15.00 1.86 3.80 1.99 4.51 3.68 8.75

20.00 1.82 3.91 1.82 3.95 3.68 8.75

Figure 5. QA F1 vs. k for BM25 and oracle retrieval variants (LexR reader).
Table 6 and Figure 5 show that increasing k does not monotonically improve answer quality for LexR. For 
BM25, F1 peaks at k=5 (4.03%) and decreases slightly at k=10 (3.82%). This behavior is consistent with a  
distractor-sensitive reader:  additional passages increase the chance that LexR extracts a high-overlap but 
incorrect capitalized span from a distractor sentence.
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The oracle variants sharpen this interpretation. Oracle-SO (support-only) provides perfect evidence without  
distractors  and  achieves  F1=8.75% once  k  is  large  enough to  include  all  supporting  passages  (k≥5).  In  
contrast, Oracle-SF ranks all supporting passages before distractors but still includes distractors for larger k.  
Oracle-SF F1 drops from 7.74% at k=1 to 4.96% at k=10 and 3.95% at k=20, despite evidence Recall@k being 
100% for  k≥5.  Therefore,  under  perfect  retrieval,  the  dominant  failure  mode is  not  missing  evidence  but 
selecting the wrong answer span in the presence of irrelevant text.
These results motivate evidence-centric reporting: an answer metric alone would obscure that Oracle-SF and  
Oracle-SO have identical evidence recall yet very different F1 at large k.

C. Hop-wise Analysis
MuSiQue questions are labeled with 2–4 hops via the gold question decomposition. Because additional hops 
require retrieving more supporting passages, hop count affects evidence recall and potentially answer difficulty.  
Table 7 reports BM25+LexR performance at k=10 grouped by hop count.

Table 7. Hop-wise performance at k=10 for BM25+LexR on MuSiQue-Ans dev.

Hops n Hit@10 (%) EviRecall@10 (%) EM (%) F1 (%)

2.00 1252.00 94.01 71.17 0.80 3.75

3.00 760.00 97.76 69.65 3.82 5.09

4.00 405.00 98.52 61.73 0.99 1.64

Retrieval  Hit@10  is  high  across  all  hop  groups  (94.01%–98.52%),  indicating  that  retrieving  at  least  one 
supporting  passage  is  not  substantially  harder  for  more  hops  under  the  20-passage  candidate  setting.  
Evidence Recall@10 decreases for 4-hop questions (61.73%), reflecting that the fixed k=10 budget must cover 
four supporting passages as well as distractors.

Interestingly, LexR answer EM/F1 does not decrease monotonically with hops. The 3-hop subset shows the  
highest EM (3.82%) and F1 (5.09%), while 4-hop questions have the lowest F1 (1.64%). This pattern suggests  
that answer type and lexical cue availability interact with hop count. For example, many 3-hop questions ask  
for a concrete named entity that appears in a salient sentence of the last-hop supporting paragraph, which 
LexR can occasionally extract. In contrast, 4-hop questions more often require tighter aggregation and are  
more vulnerable to distractors, so a naive lexical reader performs poorly even when evidence is retrieved.

D. Question-Type Breakdown
To  better  understand  where  LexR  succeeds  or  fails,  we  group  questions  by  their  leading  wh-word 
(who/what/when/where/which/how/why) and report BM25+LexR metrics at k=10. This categorization is coarse 
but highlights answer-type effects that are common in QA evaluation.
Table 8. Question-type breakdown at k=10 for BM25+LexR. Types are defined by the first wh-word; 'other' covers 

remaining questions.

Type n Hit@10 (%) EviRecall@10 (%) EM (%) F1 (%)

what 726 95.32 68.93 3.03 5.42

who 526 94.30 67.09 0.19 1.73

when 392 95.92 67.69 2.30 4.71

other 371 98.11 73.76 2.70 5.33

where 163 98.16 70.65 0.61 2.25

how 151 98.68 69.65 0.00 0.55

which 68 92.65 67.16 0.00 1.58

why 20 95.00 60.00 0.00 0.00

Table  8  shows  that  retrieval  metrics  remain  stable  across  question  types,  while  answer  metrics  vary 
substantially. LexR performs best on 'what' and 'other' questions (F1≈5.4% and 5.3%), and it is weakest on  
'how' and 'why' questions. The poor performance on 'who' questions (EM=0.19%, F1=1.73%) indicates that a  
simple capitalized-span heuristic often selects the wrong named entity among many candidates.
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The 'when' subset benefits from the explicit  year-candidate bonus in LexR, achieving F1=4.71%. Even so, 
multi-hop temporal reasoning often requires resolving intermediate entities (e.g., 'the year when #1 happened') 
and is not well captured by our lexical approach.
These results  reinforce that  end-task  scores  must  be  interpreted together  with  evidence diagnostics.  For  
example, the 'who' subset has Hit@10=94.30% and evidence Recall@10=67.09%, yet F1 remains low due to  
reader ambiguity rather than retrieval failure.

E. Evidence Ablation and Bottleneck Quantification
To attribute performance loss to retrieval versus reading, we compare BM25 against oracle evidence settings.  
Oracle-SF and Oracle-SO use gold supporting labels and therefore provide perfect evidence coverage. Table 9 
summarizes retrieval and answer metrics at k=10 for these settings.

Table 9. Evidence ablation at k=10. Oracle settings use gold supporting labels to provide perfect evidence 
coverage.

Setting Hit@10 
(%)

EviRecall@10 
(%)

AnsContain@10 
(%)

EM 
(%)

F1 
(%)

BM25 (all 20 passages) 95.95 69.11 63.96 1.78 3.82

Oracle-SF (supports first, distractors kept) 100.00 100.00 100.00 2.11 4.96

Oracle-SO (supports only, distractors 
removed) 100.00 100.00 100.00 3.68 8.75

Under BM25, answer containment is 63.96% at k=10. Therefore, even an ideal extractive reader that always  
selects the correct span from the retrieved context would be capped by retrieval at approximately 64% EM 
(ignoring aliasing). The oracle rows set answer containment to 100%, eliminating this ceiling.

Moving from BM25 to Oracle-SF increases F1 from 3.82% to 4.96%. This improvement reflects retrieval gains: 
the gold supporting passages are guaranteed to be present in the top-k context. However, the improvement is  
modest relative to the retrieval change (evidence recall rises from 69.11% to 100%), revealing that LexR is 
unable to reliably extract the correct final answer even when all supporting evidence is available.
Moving from Oracle-SF to Oracle-SO increases F1 further to 8.75%, with a similar EM increase from 2.11% to 
3.68%. Because both oracles have the same evidence recall, this gap directly measures the distractor effect:  
removing distractors nearly doubles F1. The reader is therefore a major bottleneck, and multi-hop systems that  
retrieve more passages must also improve aggregation robustness.

F. Efficiency and Error Analysis
Beyond accuracy, RAG systems must be efficient. We profile the per-question runtime of retrieval and reading 
on a random sample of  200 questions using identical  implementations and k=10.  Table 10 reports mean 
milliseconds per question (ms/q) for each stage.

Table 10. Runtime profiling (mean ms per question) on a 200-question sample at k=10. Retrieval and LexR times 
are measured separately.

Method Retrieval (ms/q) Reader (ms/q) Total (ms/q)

Random 0.06 4.48 4.54

BM25 3.07 4.03 7.10

TF-IDF 13.06 4.07 17.13

BM25+Decomp 3.22 4.02 7.24

Table 10 indicates that the LexR reader dominates runtime for Random retrieval because retrieval itself is  
nearly free. For BM25, retrieval adds approximately 3.07 ms/q, while LexR remains around 4.03 ms/q. TF-IDF 
retrieval is slower (13.06 ms/q) because it  fits a TF-IDF model per question; this design is acceptable for  
analysis but would be replaced by corpus-level indexing in a production system. Overall,  the deterministic  
baselines are lightweight and can be used as rapid diagnostics during development of more complex models.

We next analyze BM25+LexR failures at k=10 by separating retrieval misses from reader errors.
Table 11. Error breakdown for BM25+LexR at k=10. 'Retrieval miss' means the gold answer string does not appear 

in the retrieved top-k context.
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Category Count Fraction (%)

Correct (EM) 43 1.78

Reader partial (F1>0) 76 3.14

Reader wrong (F1=0) 1427 59.04

Retrieval miss (answer not in top-k) 871 36.04

Figure 6. Error breakdown fractions for BM25+LexR at k=10 (same categories as Table 11).
Table 11 shows that 36.04% of questions are retrieval misses under BM25 at k=10: the gold answer string is 
not present in the retrieved context, so an extractive lexical reader cannot produce the exact answer. The  
remaining 63.96% of questions contain the answer string, yet LexR still fails on most of them (59.04% are 
categorized as reader wrong with F1=0). This indicates that simply retrieving answer-containing passages is 
insufficient; the reader must also identify the correct span among many competing capitalized entities and 
numbers.
The fraction of partial matches (F1>0 but EM=0) is 3.14%, which often corresponds to cases where LexR 
outputs  an  overlapping  substring  (e.g.,  missing  a  surname  or  including  an  extra  title).  Such  errors  are 
consistent with span-boundary mistakes common in extractive QA systems [8].
Finally,  we quantify  the relationship between evidence recall  and answer F1 at  the per-question level  for  
BM25+LexR.  The  Pearson  correlation  between  evidence  Recall@10  and  answer  F1  is  0.116  (p<1e-7), 
indicating a weak but statistically significant positive association. This weak correlation is expected because, 
once the correct last-hop passage is retrieved, additional supporting passages do not necessarily help a lexical  
reader that cannot perform multi-hop aggregation.

G. Relation to Prior Work and Practical Takeaways
First, the gap between Hit@k and evidence Recall@k is consistent with the multi-hop nature of MuSiQue.  
Benchmarks such as HotpotQA emphasize explainability and supporting fact retrieval [6], and prior work has  
shown that retrieving only one relevant paragraph is often insufficient to answer multi-hop questions reliably.  
Our results quantify this effect even in a restricted candidate setting: at k=10, BM25 retrieves at least one  
supporting paragraph for 95.95% of questions, yet retrieves only 69.11% of the full supporting set on average.  
Therefore, even before considering reading and reasoning, later-hop evidence is frequently missing from the 
context budget.
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Second, the oracle experiments demonstrate a clear distractor effect. Oracle-SF and Oracle-SO have identical  
evidence recall for k≥5, but their F1 diverges sharply as k grows. This phenomenon has been discussed in  
multi-hop reading research, where distractors create plausible but incorrect reasoning paths [6], [7]. Neural  
models  mitigate distractors through attention and learned aggregation [10],  [19],  but  distractor  robustness 
remains a key challenge as context sizes increase.
Third, answer containment provides a practical ceiling analysis for extractive readers. In open-domain settings, 
retrieval  quality  is  often assessed by recall  of  the gold  passage or  the presence of  the answer  string in  
retrieved documents. Our containment metric is analogous to this diagnostic, but it is particularly useful on 
MuSiQue-Ans because the candidate set is fixed and supporting labels are provided. Under BM25 at k=10,  
containment is 63.96%, so any extractive reader that depends on surface-form matching cannot exceed this 
ceiling.  Modern  generative  readers  can  sometimes  answer  correctly  even  when  the  answer  string  is 
paraphrased or not explicitly present, but multi-hop QA still benefits from retrieving passages that explicitly 
state key entities and relations [1], [4].
From an evaluation perspective, these diagnostics suggest concrete reporting practices for multi-hop RAG. We 
recommend  always  reporting  (i)  Hit@k  and  evidence  Recall@k  for  supporting  passages,  (ii)  answer 
containment as an extractive ceiling, and (iii)  at least one oracle retrieval setting to separate retriever and 
reader  bottlenecks.  In  addition,  reporting  curves  over  k  is  important  because  k  changes  both  evidence 
coverage and distractor exposure, and the optimal k may depend on the reader's robustness.
From a system design perspective, the evidence recall gap suggests that retrieval should explicitly target multi-
hop coverage. Decomposition-based retrieval, path-based retrieval, and iterative retrieval approaches have 
been  proposed  to  address  this  issue  [20],  [21].  In  our  lexical  setting,  decomposition  augmentation 
(BM25+Decomp) slightly increases evidence recall but does not improve answer quality, indicating that query 
augmentation alone is not sufficient when the reader cannot aggregate. In neural systems, decomposition can  
be  coupled  with  hop-wise  reasoning  and  re-ranking  to  select  a  coherent  evidence  chain  rather  than  an 
unordered top-k set [21].
Finally, our runtime measurements show that even simple evidence-centric evaluations can be run quickly.  
This  supports  an  iterative  workflow  where  researchers  track  retrieval  and  evidence  diagnostics  during 
development rather than only reporting final EM/F1. Because retrieval and reading errors have qualitatively 
different  causes,  separating  them  early  can  guide  whether  to  invest  in  improved  retrieval  (e.g.,  dense  
representations [2]) or in improved aggregation and reasoning (e.g., stronger readers or chain-of-thought style  
inference).
Several  strands  of  prior  work  provide  complementary  tools  to  address  the  bottlenecks  revealed  by  our 
diagnostics. Rank fusion methods such as Reciprocal Rank Fusion [13] can combine heterogeneous retrievers 
to improve early-hit behavior, and iterative evidence retrieval methods can reformulate queries to better cover 
missing hops [14]. On the reading side, multi-paragraph readers originally explored in extractive systems such 
as DrQA [9] and later improved by pre-trained transformers [10], [19] are better suited to aggregating multiple 
contexts than our LexR baseline. Finally, evidence-oriented evaluation has a long history in QA tracks such as 
TREC QA [15], where system outputs were analyzed both for final answers and for justification quality.
Limitations
This study is designed as an evidence-centric reproducibility report rather than a state-of-the-art model paper,  
and it has several limitations.
First, retrieval is evaluated within MuSiQue-Ans's per-question candidate set of 20 paragraphs. This setting is  
valuable for isolating ranking quality and distractor effects, but it differs from open-domain QA where retrieval is 
performed over millions of passages and where recall  is a dominant bottleneck [1], [2],  [3].  Consequently,  
absolute values of Hit@k, evidence Recall@k, and answer containment reported here should not be compared 
directly to open-domain benchmarks without accounting for the different retrieval search space. The evidence-
oriented protocol itself, however, transfers: the same metrics can be computed when retrieval is performed 
over a large corpus.
Second,  our  reader  (LexR)  is  intentionally  weak.  Its  span  extraction  relies  on  surface-form  heuristics 
(capitalized  spans  and  years)  and  cannot  perform true  multi-hop  reasoning,  entity  linking,  or  paraphrase 
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resolution.  Modern  neural  readers  based  on  transformer  architectures  [10],  [19]  and  generative  fusion 
mechanisms [4]  can aggregate evidence across many passages and would yield  much higher  EM/F1 on 
MuSiQue.  Therefore,  the low answer  scores reported in  this  paper  should be interpreted as a controlled  
diagnostic  that  exposes  retrieval–reader  interactions,  not  as  an  estimate  of  the  dataset's  achievable 
performance.
Third,  our  decomposition-augmented  retrieval  uses  the  textual  sub-questions  from  MuSiQue's  gold  
decomposition but does not use gold intermediate answers. This choice isolates the effect of issuing multiple 
retrieval queries, but it  does not constitute a complete decomposition-based system, which would need to  
predict  intermediate  answers  or  reformulate  later-hop  queries  conditionally  [21].  In  addition,  sub-question 
strings may contain placeholder tokens (e.g., '#1') that reduce lexical matching quality, which partly explains 
the mixed retrieval effects we observed.
Fourth, our evaluation focuses on MuSiQue-Ans dev. While MuSiQue-Ans is constructed to require connected  
multi-hop reasoning [5],  the broader landscape includes complementary datasets  with different  properties, 
such as HotpotQA [6], QAngaroo/WikiHop [7], ComplexWebQuestions [16], and 2WikiMultihopQA [17]. Results 
can therefore vary depending on the balance of answer types (entities versus numbers),  the presence of  
unanswerable questions, and the availability of gold supporting facts.
Finally,  answer containment  is  computed via  simple substring matching.  This  is  appropriate for  extractive 
readers  and  for  measuring  whether  the  literal  answer  string  is  available  in  the  retrieved  context,  but  it  
underestimates cases where a correct  answer can be inferred from paraphrased evidence or where alias 
resolution is required. Future evaluations can extend containment to more robust matching using entity linking 
or normalization rules, or evaluate generative readers that do not require literal containment.
Conclusion
This paper presented a fully reproducible, evidence-centric evaluation of multi-hop retrieval-augmented QA 
pipelines on MuSiQue-Ans v1.0. Using the complete MuSiQue-Ans development split (2,417 questions with 2–
4 annotated supporting paragraphs each), we measured answer EM/F1 together with retrieval Hit@k, evidence 
Recall@k, answer containment, and supporting-passage MRR. These metrics separate evidence access from 
answer extraction and make failure modes explicit.
Our empirical findings show that lexical retrieval is strong relative to the constrained candidate setting: BM25  
achieves 95.95% Hit@10 and 69.11% evidence Recall@10. However, the end-to-end QA performance of a  
deterministic lexical  reader remains low (1.78% EM, 3.82% F1), demonstrating that multi-hop QA requires 
more than retrieving one relevant paragraph. Oracle ablations further quantify bottlenecks: removing retrieval 
error  and providing perfect  evidence coverage raises F1 to  8.75%, while  keeping distractors substantially 
harms performance as k increases. Error taxonomy shows that 36.04% of BM25 failures at k=10 are retrieval 
misses (answer not contained), while 59.04% are reader errors despite answer containment.
These results support two practical conclusions for multi-hop RAG research. First, reporting evidence-oriented 
metrics is essential: Hit@k alone can overstate system capability when later-hop evidence is missing. Second, 
increasing k is not a guaranteed path to better QA; robust aggregation and distractor handling are required,  
especially  when evidence  recall  is  already  high.  Future  work  can  replace  LexR with  neural  readers  and 
iterative  retrievers  while  retaining  the  same  diagnostic  framework,  enabling  more  precise  attribution  of  
improvements to retrieval, evidence chaining, or answer extraction.
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