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Abstract

Multi-hop question answering requires com-
bining information from multiple documents
to answer complex questions. These systems
have grown increasingly capable, yet when they
fail, the error is typically attributed to not find-
ing the right documents. Whether this holds at
the level of individual reasoning steps remains
largely unexamined. We investigate this across
three standard multi-hop QA benchmarks and
find that failures decompose into two distinct
modes: retrieval failures, where the needed pas-
sage was not retrieved, and extraction failures,
where the passage was retrieved but the needed
fact could not be extracted — a phenomenon
we term the fact-grounding gap. Extraction
failures account for nearly half of all per-hop
deficiencies and are invisible to standard re-
trieval metrics. They remain unresolved by
every retrieval intervention we test, establish-
ing a ceiling for retrieval-only improvements.
The gap’s severity varies across benchmarks
and question types, but extraction failures ap-
pear on every dataset we measure. Our findings
reveal that retrieval failures and extraction fail-
ures are fundamentally different bottlenecks
requiring different solutions — a distinction
absent from current evaluation practice.!

1 Introduction

Multi-hop question answering requires combining
information from multiple documents to answer
complex questions, and remains a persistent chal-
lenge in NLP (Yang et al., 2018; Trivedi et al.,
2022; Ho et al., 2020). A core difficulty is that
each reasoning step depends on the previous one:
if the system retrieves incorrect or insufficient evi-
dence at any hop, subsequent steps propagate the
error, leading to an incorrect final answer (Press
et al., 2023; Trivedi et al., 2023). This has mo-
tivated substantial work on improving how these

!Code is available on GitHub: https://github.com/
Richardzhu123/fact-grounding-gap

systems retrieve evidence, including dense retrieval
(Karpukhin et al., 2020), adaptive strategies that
decide when to search (Asai et al., 2024; Jiang
et al., 2023), and iterative retrieval-reasoning loops
(Trivedi et al., 2023; Yao et al., 2023). These ap-
proaches share a common assumption: retrieval
quality is the primary bottleneck, and surfacing the
right documents will lead to correct answers.

However, whether retrieved passages actually
contain the specific facts needed at each reason-
ing step has not been systematically studied. Prior
work has shown that irrelevant (Shi et al., 2023) and
distracting (Yoran et al., 2024) context degrades
QA performance, and recent frameworks decom-
pose RAG errors into retriever and generator com-
ponents (Ru et al., 2024). But these analyses op-
erate at the document level — they ask whether
the right passage was retrieved, not whether a
retrieved passage contains the relational fact the
current reasoning step requires. This distinction
has practical consequences: if a substantial frac-
tion of failures stem from missing facts within re-
trieved documents rather than missing documents,
then the widespread effort to improve retrievers
addresses only part of the problem. This is particu-
larly relevant as multi-hop QA systems are increas-
ingly deployed in knowledge-intensive applications
(Trivedi et al., 2023; Lewis et al., 2020), where mis-
diagnosing the source of failure leads to ineffective
system improvements. Without this distinction, re-
searchers risk investing in retrieval improvements
that cannot address nearly half of the failures these
systems encounter.

In this paper, we measure whether retrieved pas-
sages contain the specific facts each reasoning
step requires, across three standard multi-hop QA
benchmarks. We identify two distinct failure modes
(illustrated in Figure 1). Retrieval failures occur
when the needed passage is not retrieved. Extrac-
tion failures occur when the passage is retrieved
but the needed fact cannot be extracted — a phe-
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Question: What character did the star of Thelma
& Louise play in A League of Their Own?

Hop 1: Who starred in Thelma & Louise?

Retrieved passages:

[1] Thelma & Louise is a 1991 film directed by Ridley Scott.

It stars Geena Davis as Thelma
and Susan Sarandon as Louise.. .

Hop 2: What character did Geena Davis
play in A League of Their Own?

Retrieved passages:

[3] A League of Their Own is a 1992 sports comedy-drama.

Davis plays a catcher on the Rock-
ford Peaches. .. (name not stated)

Fact present v’

Answer: Geena Davis

Gold passage present,
fact extractable

Fact-grounding gap:
gold passage present but
fact not stated

Fact missing x
Character name absent

Final answer: “Dottie Hinson”

(fails without the specific fact)

Figure 1: A 2-hop question from MuSiQue illustrating the fact-grounding gap. At Hop 1, the retrieved passage
contains the needed fact. At Hop 2, the gold passage is retrieved but does not state the character name. Standard
retrieval metrics would mark both hops as successful; only Hop 1 actually contains the needed fact.

nomenon we term the fact-grounding gap. Extrac-
tion failures account for as much as 47% of all per-
hop deficiencies. These failures are undetectable
by standard retrieval metrics and persist across all
retrieval interventions we test. To validate this find-
ing, we train a lightweight fact-presence predictor,
with an LLM judge validated against human anno-
tation (v« = 0.840). We find targeted re-retrieval
guided by this predictor matches blanket interven-
tion at half the cost.
Our contributions are:

1. We identify the fact-grounding gap — a fail-
ure mode in which the correct passage is re-
trieved, but the required fact is not present. It
appears across standard multi-hop QA bench-
marks, accounting for 47% of all per-hop de-
ficiencies on MuSiQue.

2. We demonstrate that retrieval interventions,
including augmentation and reranking, do not
resolve extraction failures, establishing a ceil-
ing for retrieval-only approaches.

3. We develop a per-hop fact-presence evalua-
tion methodology, with an LLM judge vali-
dated against human annotation (x = 0.840),
and show that targeted re-retrieval on flagged
hops matches every-hop intervention at half
the cost.

2 Related Work

Multi-hop question answering. Multi-hop QA
requires combining evidence across multiple doc-
uments to answer complex questions. Early ap-
proaches used single-pass retrieval followed by
reading comprehension (Yang et al., 2018), but
struggled with questions requiring evidence chains.
More recent systems interleave retrieval with rea-
soning: IRCoT (Trivedi et al., 2023) chains re-
trieval with chain-of-thought prompting, Self-Ask
(Press et al., 2023) decomposes questions into ex-
plicit sub-questions with search calls, and ReAct
(Yao et al., 2023) combines reasoning and acting
in a unified loop. These systems share a common
pipeline — decompose, retrieve, reason, repeat —
and a common assumption: that surfacing the right
documents at each step is sufficient for correct rea-
soning. Our work does not propose a new pipeline
but instead examines a failure mode common to all
of them.

Improving multi-hop retrieval. Substantial
work has focused on improving what gets retrieved
at each hop. Approaches range from query de-
composition and reformulation (Press et al., 2023;
Trivedi et al., 2023) to cross-encoder reranking and
adaptive retrieval strategies that decide when re-
trieval is necessary (Asai et al., 2024; Jiang et al.,
2023; Jeong et al., 2024). These methods have
meaningfully improved retrieval quality, but they
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Figure 2: System architecture with BM25 retriever. At each hop, the Self-Ask pipeline decomposes the question,
retrieves passages, and checks fact presence with the DeBERTa predictor. If flagged as insufficient, supplementary

passages are retrieved before proceeding.

share a common evaluation lens: success is mea-
sured by whether the right documents appear in the
retrieved set. None examine whether a retrieved
document contains the specific fact the current rea-
soning step requires — the distinction our work is
built on.

Evaluating retrieval in QA. Standard retrieval
evaluation uses document-level metrics such
as recall, precision, and mean reciprocal rank
(Karpukhin et al., 2020). Recent work has high-
lighted limitations of these metrics: Yoran et al.
(2024) show that models are sensitive to irrele-
vant context, and Shi et al. (2023) demonstrate
that adding irrelevant context degrades QA per-
formance. Zhu et al. (2025) identify a “lost-in-
retrieval” problem where key entities are missed
during sub-question decomposition, though their
analysis operates at the entity level rather than the
per-hop fact-presence level we examine. System-
level failure decompositions distinguish retriever er-
rors from reader errors, asking whether the retriever
found the right passage or the reader extracted the
wrong span. Our work operates at a finer granu-
larity: we ask whether a retrieved passage — even
one that is topically relevant — contains the spe-
cific relational fact needed for the current reasoning
step.

LLM-based evaluation and annotation. Using
LLMs as annotators and evaluators has become
widespread for tasks where human annotation is
expensive (Zheng et al., 2023; Chiang and Lee,
2023). Bavaresco et al. (2025) recommend val-
idating LLM judges against task-specific human
annotations before deployment. We follow this
practice, validating our LLLM fact-presence judge
against human annotation (x = 0.840) and doc-

umenting its conservative bias before using it to
generate training labels for a lightweight classifier.

3 Experimental Setup

Datasets. We evaluate on three standard multi-
hop QA benchmarks: MuSiQue-Ans (Trivedi et al.,
2022), HotpotQA (Yang et al., 2018), and 2Wiki-
MultihopQA (Ho et al., 2020). We develop and
validate our methodology on MuSiQue, which pro-
vides gold question decompositions with per-hop
sub-questions, intermediate answers, and support-
ing paragraph indices, and apply the same proce-
dure to HotpotQA and 2WikiMultihopQA.

QA system. We use a Self-Ask style pipeline
(Press et al.,, 2023) with GPT-4.1-mini
(gpt-4.1-mini-2025-04-14) as the reason-
ing model. At each hop, the model either generates
a sub-question and retrieves k = 3 passages via
BM25 over Elasticsearch, or produces a final an-
swer. Retrieved passages accumulate across hops
and are deduplicated by content. To test whether
the fact-grounding gap is retriever-dependent, we
additionally run the full pipeline with a dense
retriever, Contriever (Izacard et al., 2022), on
MuSiQue and HotpotQA (§4.3).

Evaluation. We evaluate answer correctness us-
ing GPT-4.1-mini as an LLM judge (Zheng et al.,
2023). Unlike exact match, which penalizes correct
answers with different surface forms (e.g., “Christo-
pher Nolan” vs. “Nolan”), the LLM judge han-
dles synonyms, verbose answers, and partial over-
laps. We validate this judge against human annota-
tion on 200 stratified examples, achieving Cohen’s
k = 0.840 (Landis and Koch 1977).



4 The Fact-Grounding Gap

Standard retrieval evaluation in multi-hop QA mea-
sures whether the QA system retrieves the gold pas-
sage for each hop. We ask a finer question: does the
retrieved passage actually contain the fact needed at
the hop? In this section, we define and measure this
distinction across 6,404 hops on MuSiQue, identi-
fying two failure modes: retrieval failures, where
the gold passage is missing, and extraction failures,
where the gold passage is present but the needed
fact is not.

4.1 Measuring Per-Hop Fact Presence

Multi-hop questions decompose into a sequence
of sub-questions, each requiring an intermediate
answer that feeds into the next step, as illustrated
in Figure 1. For each sub-question, we evaluate
whether the accumulated retrieved passages con-
tain the information needed to answer it. We collect
all passages retrieved up to the current hop, remove
duplicates, and pass them with the sub-question
to an LLM judge. Sub-questions in shorthand for-
mat are normalized to natural language prior to
evaluation (Appendix B).

We use GPT-4.1-mini as the fact-presence judge,
following prior work on LLM-based evaluation
(Zheng et al., 2023; Chiang and Lee, 2023). The
expected intermediate answer is withheld to pre-
vent answer leakage. The judge outputs ANSWER-
ABLE or NOT-ANSWERABLE with a brief rationale,
prompted with few-shot examples covering direct
matches, implied answers, entity mentions with-
out the required relational fact, and missing facts
(Appendix A).

A simpler alternative is string matching: check-
ing whether the intermediate answer appears in the
retrieved text. However, string matching systemati-
cally overstates fact presence (Maynez et al., 2020).
On MuSiQue, this accounts for a 10.7-point gap
between string matching (59.8%) and LLM-judge
answerability (49.1%).

We validate the judge against human annotation
on 200 stratified examples (100 per class), achiev-
ing 92.0% agreement (x = 0.840; Landis and Koch
1977). Disagreements skew conservative: the judge
more often marks hops as NOT-ANSWERABLE
when humans say ANSWERABLE (12 of 16 cases),
so the reported gap may be slightly overstated. We
additionally validate against gold paragraph anno-
tations (Appendix C).

4.2 Results

Our per-hop measurements on MuSiQue yield two
key findings.

Fact presence is low and degrades with hop
depth. Across 6,404 hop-level evaluation steps
on MuSiQue (2,417 questions), only 49.1% are
judged answerable from the system’s retrieved pas-
sages. As shown in Table 1, fact presence degrades
sharply with reasoning depth: from 68.5% at hop 1
to 18.5% at hop 4. Later hops ask about entities that
only become known during earlier reasoning steps,
so their supporting evidence cannot be retrieved
ahead of time. This degradation alone, however,
does not reveal whether the needed passage was not
retrieved, or was retrieved but lacked the required
fact.

Hop Answerable (%) N

1 68.5 2,417

2 43.7 2,417

3 30.7 1,165

4 18.5 405

All 49.1 6,404
Table 1: Per-hop fact-grounded answerability on
MuSiQue dev.

Failures decompose into two distinct modes.
To distinguish whether failures arise from missing
passages or from missing facts within retrieved pas-
sages, we cross-reference gold paragraph retrieval
status with per-hop fact-presence labels from our
LLM judge, yielding three categories over 6,401
hops.? As shown in Table 2, retrieval failures and
extraction failures are nearly equally prevalent. Re-
trieval failures (30.7%) occur when the gold sup-
porting passage is not among the retrieved passages,
a failure mode that stronger retrievers or re-retrieval
can potentially address. Extraction failures (27.3%)
occur when the gold passage is retrieved but does
not contain the fact the reasoning step requires.
This second failure mode is the more concerning:
standard retrieval metrics such as document recall
would mark these hops as successful, since the cor-
rect passage was retrieved. Yet the system still
lacks the evidence it needs. As we show in §6, no
retrieval intervention we test recovers a fact miss-
ing from the retrieved passage; even re-retrieval can
only help when a different passage in the corpus

“Three hops are excluded due to missing gold paragraph
annotations.



explicitly contains the fact. This indicates that the
bottleneck is not retrieving better passages, but the
absence of the required fact in the retrieved passage
text itself.

Category Count %0

Retrieval failure 1,962  30.7
Extraction failure 1,749 273
Fact present 2,690 420

Table 2: Three-way decomposition of per-hop outcomes
on MuSiQue dev (6,401 hops).

Extraction failures account for 47% of all per-
hop deficiencies. This means that even a perfect
retriever — one that always retrieves the gold pas-
sage — would leave nearly half of per-hop fail-
ures unresolved. Hop depth degradation in Table 1
appears to implicate both extraction and retrieval
failure modes. However, extraction failures hold
around 9% at every hop depth, so the sharp decline
in fact presence comes from retrieval failures alone.

Retrieval recall alone cannot distinguish between
the two failure modes: among hops where the sys-
tem answers incorrectly, recall and fact presence
are nearly uncorrelated (p = 0.042). The best non-
oracle predictor (retrieval recall threshold) reaches
only 68.1% accuracy, leaving a 15-point gap to ora-
cle baselines (Table 3; full analysis in Appendix D).

Method Acc. (%) F1 Gold?
Majority 50.9 0.000 No
Hop number 64.9 0.596 No
Retrieval recall 68.1 0.716 No
String match 80.8 0.823 Yes
Gold para. present 83.4 0.834 Yes

Table 3: Baseline fact-presence predictors on MuSiQue
dev (6,404 hops). Methods below the divider use gold
annotations.

4.3 Robustness to Retriever Choice

The failure-mode decomposition in §4.2 uses
BM25. To test whether extraction failures reflect
a weakness of sparse retrieval rather than a prop-
erty of the corpus, we re-run the full pipeline with
Contriever (Izacard et al., 2022), a dense retriever,
on all 2,417 MuSiQue dev questions and 1,000
HotpotQA bridge questions.

Extraction failures do not decrease under dense
retrieval. Under a matched per-hop gold-retrieval
criterion, extraction failures increase from 598

(BM25) to 725 (Contriever) on MuSiQue; they per-
sist under the accumulated-passage criterion used
in Table 2 as well. On hops where both retrievers
retrieve the gold passage, 77% of BM25’s extrac-
tion failures are also extraction failures under Con-
triever, indicating these failures are properties of
the corpus rather than of any particular retriever.
Overall, MuSiQue accuracy is nearly unchanged
(51.2% vs. 51.9%), and the same pattern holds on
HotpotQA (3.1% vs. 4.5% extraction failures).

S Learning to Predict Fact-Presence
Deficiency

Section 4 showed that retrieval scores cannot reli-
ably predict fact presence. We train a lightweight
classifier that predicts whether a hop’s retrieved
passages contain the needed fact, using only the
sub-question and passages as input. The LLM
judge from §4.1 can assess this accurately, but must
evaluate each hop individually, making it slow and
expensive to apply across thousands of hops (and
use as part of the QA pipeline). Our classifier learns
from the LLM judge’s labels but is a much smaller
model, making per-hop prediction practical.

5.1 Training Setup

We fine-tune DeBERTa-v3-large (He et al., 2023)
as a binary classifier predicting ANSWERABLE
or NOT-ANSWERABLE for each hop. The clas-
sifier takes the sub-question and accumulated re-
trieved passages as input, truncated to 1,500 char-
acters. Training data consists of 46,610 MuSiQue
hop-level examples labeled by the LLM judge
described in §4.1 (53.9% ANSWERABLE, 46.1%
NOT-ANSWERABLE). 6,404 held-out examples
from the MuSiQue dev set are used for evaluation.
We use learning rate 2 X 107°, batch size 16, maxi-
mum sequence length 512, and 10% linear warmup.
Checkpoints are selected by dev F1 with early stop-
ping (patience 3); training converges at epoch 3.
At inference, we classify hops with predicted prob-
ability > 0.5 as ANSWERABLE. We develop the
predictor on MuSiQue and evaluate its transfer to
HotpotQA and 2WikiMultihopQA in intervention
experiments (§6).

5.2 C(lassification Performance

Table 4 compares BERT-base, RoBERTa-large, and
DeBERTa-v3-large on MuSiQue dev. All three sub-
stantially outperform the retrieval-recall baseline
(68.1%) from Section 4, with DeBERTa-v3-large



achieving the highest F1 (0.785). This confirms
that detecting whether the needed fact is present in
a hop’s retrieved passages is a learnable task that
generalizes across model architectures.

Model Params Prec. Rec. F1

BERT-base 110M 0.753 0.737 0.745
RoBERTa-large 355\M  0.840 0.683 0.754
DeBERTa-v3-large 435M 0.805 0.765 0.785

Table 4: Fact-presence predictor comparison on
MuSiQue dev (6,404 hops).

The DeBERTa predictor flags 3,201 of 6,404
hops (50.0%) as NOT-ANSWERABLE, closely
matching the ground-truth rate of 50.9%. The close
agreement between predicted and actual flag rates
suggests the predictor can replace the LLM judge
for identifying deficient hops, at a fraction of the
computational cost.

Label-quality and evidence-source ablation.
We run ablations to test two potential bottlenecks
in fact-presence prediction: the quality of the train-
ing labels, and the content of the retrieved pas-
sages. First, we replace LLM-judge labels with
string-match labels, a straightforward alternative
that marks a hop as answerable when the interme-
diate answer appears in the retrieved text. Second,
we remove the retrieved passages from the input,
forcing the predictor to rely on the sub-question
alone.

Table 5 shows the effect of each change. Switch-
ing from string-match labels to LLM-judge labels
improves accuracy by 8.9 points, indicating that the
presence of the answer string in the text does not
reliably indicate whether the passage contains the
needed fact. Adding the retrieved passages to the
input yields a further 15.8-point improvement, con-
firming that the classifier needs to read the passage
content to assess fact presence — the sub-question
alone is not enough.

Condition Acc. (%) F1
String-match labels, no passages 54.7 0.547
LLM-judge labels, no passages 63.6 0.615

LLM-judge labels, with passages 79.4 0.785

Table 5: Ablation on label quality and input content.

These results justify our design choices: LLM-
judge labels and the retrieved passages them-
selves are both necessary for accurate prediction.
They also reinforce the finding from §4.2 that re-

trieval scores miss fact-presence information that
is present in the passage text itself.

Flag count predicts QA failure. If the predictor
is capturing a real distinction between fact-present
and fact-deficient hops, then questions with more
flagged hops should produce worse final answers.
Table 6 confirms this: accuracy drops steadily from
68.7% with zero flagged hops to 8.5% with four.
This consistent pattern shows that when more hops
lack their needed fact, the QA system is less likely
to produce the correct final answer.

Flagged hops N  Accuracy (%)
0 556 68.7

1 868 52.9

2 690 44.9

3 255 38.8

4 47 8.5

Table 6: QA accuracy by number of flagged hops on
MuSiQue dev.

6 Intervention Experiments

In §5, we showed that a classifier can reliably detect
which hops lack their needed fact. We now test
whether acting on these predictions improves QA
accuracy by re-retrieving passages at flagged hops.

If the two failure modes identified in §4 are gen-
uinely distinct, we would expect re-retrieval to help
when the needed passage was not retrieved. On the
other hand, when the passage is retrieved but lacks
the needed fact, re-retrieval should have negligible
effect. We test these predictions using two retrieval
interventions — augmentation and reranking — ap-
plied selectively at flagged hops, at every hop, or
not at all.

6.1 Experimental Setup

Base QA pipeline. We use the same Self-Ask
pipeline and retrieval setup described in §3, applied
to all three datasets.

Intervention policy. When the predictor flags a
hop as absent of its needed fact, we attempt to find
better evidence. We look at two ways of doing this:

* Augmentation: rephrase the sub-question
and retrieve k=3 additional passages based
on the rephrasing, appending them to the ac-
cumulated retrieved passages.

* Reranking: retrieve a larger set of k=20
candidate passages, score them with a cross-



Dataset Condition Acc. (%) Flag% Calls/Q
Baseline 51.9 0.0 0.00
. Always 54.6 100.0 2.65
MuSiQue (BM25, Augmen?) DeBERT2  55.6 500 132
Oracle 54.9 48.9 1.29
Baseline 51.8 0.0 0.00
MuSiQue (BM25, Rerank) Always 60.9 100.0 2.65
DeBERTa 60.3 50.0 1.33
Baseline 51.2 0.0 0.00
MuSiQue (Contriever, Augment) DeBERTa 54.7 45.2 1.20
Oracle 54.8 50.9 1.35
Baseline 48.1 0.0 0.00
Always 57.1 100.0 2.00
HotpotQA (BM25, Augment) DeBERTa 5322 307 061
Oracle 55.5 46.9 0.94
Baseline 42.2 0.0 0.00
HotpotQA (Contriever, Augment) DeBERTa 52.2 53.4 1.07
Oracle 52.3 54.1 1.08
Baseline 78.8 0.0 0.00
2WikiMQA (BM25, Augment) Always 78.7 100.0 2.15
DeBERTa 78.9 54.1 1.16

Table 7: Intervention results across three datasets and two retrievers. Flag%: percentage of hops receiving
intervention. Calls/Q: average additional retrieval calls per question. 2WikiMQA and HotpotQA (Contriever) use
dataset-specific retrained DeBERTa predictors; all other rows use the MuSiQue-trained predictor.

encoder (Nogueira and Cho, 2019), and keep
the top 3.

Conditions and controls. We compare four con-
ditions: Baseline (no intervention), Always (inter-
vene at every hop), DeBERTa (intervene only at
flagged hops), and Oracle (intervene only where
the gold passage is actually missing). All condi-
tions use the same retrieval corpus and reasoning
model, differing only in which hops go through
re-retrieval. This isolates the effect of the inter-
vention. Statistical testing details are provided in
Appendix H.

6.2 Main Results

Table 7 presents intervention results across three
datasets. On MuSiQue with augmentation, inter-
vening only at hops the predictor flags as fact-
deficient improves accuracy by +3.7% over base-
line, while intervening at every hop improves by
+2.7%. Despite using only half the re-retrieval calls,
the predictor-guided approach performs as well as
or better, indicating that it is identifying the hops
where re-retrieval actually helps.

Reranking produces larger accuracy improve-
ments than augmentation on MuSiQue, but in both
cases, intervening only at flagged hops performs
comparably (within 1% accuracy) to intervening
at every hop — at half the re-retrieval cost. This

is important because it shows the predictor’s value
is not tied to a specific intervention: the same pat-
tern holds for both augmentation and reranking,
despite the two working in fundamentally different
ways. In both cases, the predictor correctly identi-
fies which hops benefit from additional retrieval.

On HotpotQA, we apply the MuSiQue-trained
predictor without retraining. It improves accuracy
by +5.1% over baseline while flagging only 30.7%
of hops for re-retrieval. Intervening at every hop
yields a larger gain (+9.0%), but this is expected
for two-hop questions: with only two hops, un-
necessary re-retrieval is unlikely to impact the an-
swering process. On longer chain questions such
as in MuSiQue, where questions have up to four
hops, re-retrieving at every hop risks adding irrel-
evant passages that mislead the reasoning model
at later steps. Selective intervention avoids this by
re-retrieving only where the predictor identifies a
genuine gap.

The targeted intervention also replicates with a
dense retriever. We run the pipeline with Contriever
on MuSiQue and HotpotQA, where re-retrieval
improves accuracy by +3.5% and +10.0% respec-
tively.

On 2WikiMultihopQA, neither augmentation
nor reranking produces meaningful gains (base-
line 78.8%, DeBERTa 78.9%). We discuss why in



§6.6.

All targeted intervention gains reported in this
section — across both BM25 and Contriever —
are statistically significant (McNemar’s test, p <
0.001; Appendix H).

§6.3—6.5 examine these results in more detail,
breaking them down by the number of flagged hops,
hop depth, and failure type.

6.3 Flag-Count Degradation

The results in §6.2 show that targeted interven-
tion improves accuracy overall, but do not reveal
whether the predictor is useful at the individual
question level. If the predictor is accurately identi-
fying fact-deficient hops, then questions with more
flagged hops should be harder, and intervention
should help those questions more.

Figure 3 confirms both predictions. Questions
with zero flagged hops achieve 68.7% baseline ac-
curacy, while questions with four flagged hops
achieve only 8.5%. The more hops the predic-
tor flags, the worse the question performs with-
out intervention. More importantly, the benefit of
intervention grows with the number of flags: ques-
tions with zero flags gain almost nothing from re-
retrieval (+0.4%), while questions with four flags
gain +17.0%. The predictor is not just detecting
harder questions — it is identifying the questions
where re-retrieval can actually help.

The same pattern appears on HotpotQA with-
out any retraining: accuracy drops steadily as
flag count increases, and the improvement from
re-retrieval intervention grows with the number
of flags (from +0.1% at zero flags to +11.8% at
two). This suggests the predictor has learned a gen-
eral signal about when retrieved passages lack the
needed fact, not a dataset-specific pattern.

6.4 Selectivity: When Targeting Matters

The results in §6.2 show that targeted and every-
hop intervention achieve similar overall accuracy.
But if we break results down by the number of hops
in each question, a clear difference emerges.

At 3-hop questions, intervening at every hop ac-
tually hurts accuracy, dropping it by 2.1% below
baseline. Targeted intervention, by contrast, im-
proves accuracy by 2.1% — a 4.2-point difference
between the two methods on the same set of ques-
tions. With three hops, re-retrieving everywhere
means at least some hops receive unnecessary pas-
sages that mislead later reasoning steps. The pre-
dictor avoids this by leaving well-retrieved hops
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Figure 3: QA accuracy by number of DeBERTa-flagged
hops on MuSiQue (augmentation).

alone.

At 2-hop questions, every-hop intervention per-
forms better, and at 4-hop, both strategies produce
similar large gains, likely because these questions
are difficult enough that the remaining errors can-
not be addressed by retrieval alone.

This pattern explains the overall results: every-
hop intervention gains an advantage on 2-hop ques-
tions, but loses it on 3-hop questions where it ac-
tually hurts. Despite similar results at 4-hop, tar-
geted intervention is the safer strategy: it achieves
comparable accuracy across all hop depths, while
every-hop intervention risks hurting accuracy in
the cases where only some hops are fact-deficient.

6.5 Failure Mode Decomposition

The previous subsections show that re-retrieval im-
proves accuracy overall but does not help equally
across all different types of questions. A natural
follow up to this is: which types of failures does re-
retrieval actually fix? In §4, we identified two fail-
ure modes — retrieval failures (the needed passage
was not retrieved) and extraction failures (the pas-
sage was retrieved but does not contain the needed
fact). If these two failure modes are genuinely
distinct, re-retrieval should improve accuracy on
retrieval failures but not on extraction failures.

This is exactly what we find. Accuracy on re-
trieval failures improves substantially with both
augmentation (+8.6%) and reranking (+25.3%), as
re-retrieval can potentially retrieve the previously
missing gold passage. Accuracy on extraction fail-
ures shows negligible change (—0.5%). The extrac-
tion failure results especially make sense, as the
gold passage had already been retrieved prior to
re-retrieval.

This result has a direct practical implication: it



establishes a ceiling on what retrieval improve-
ments can achieve in multi-hop QA. No matter
how effective the retriever becomes, extraction fail-
ures — which account for 27.3% of all hops — will
remain unaddressed.

This ceiling reflects genuine corpus gaps. For
each extraction failure, we searched all corpus pas-
sages containing the answer string to check whether
any states the needed relational fact. The fact is ab-
sent in the vast majority of cases (97.7% MuSiQue,
100% HotpotQA, 97.6% 2WikiMultihopQA). The
answer string often appears elsewhere in the cor-
pus, but no passage states the relational fact the
reasoning step requires.

6.6 Entity Familiarity and Limits of Transfer

The gains on MuSiQue and HotpotQA raise a nat-
ural question: does the fact-grounding gap ex-
ist on other multi-hop QA datasets? We take a
look at 2WikiMultihopQA: neither augmentation
nor reranking produces meaningful gains (baseline
78.8%, DeBERTa 78.9%). The baseline accuracy
is already high, likely because 2WikiMultihopQA
questions involve well-known entities with exten-
sive Wikipedia coverage, so the initial retrieval is
sufficient for most hops. The predictor flags 54.1%
of hops, yet re-retrieval at those hops produces
no accuracy gain — suggesting that most flags on
this dataset do not correspond to genuine fact defi-
ciencies. Retraining the predictor on 2WikiMulti-
hopQA data does not help either (78.9% vs 78.8%
baseline), confirming that the limitation is not a
dataset transfer issue but rather that the aggregate
gap on the dataset is small. The gap is present
but concentrated: comparison questions show only
2.7% extraction failures, while multi-step questions
have 16.6% extraction failures. This result suggests
that the severity of the fact-grounding gap varies —
but is present — across datasets and question types.

7 Conclusion

We introduced the fact-grounding gap — the phe-
nomenon where multi-hop QA systems retrieve
topically relevant documents that nonetheless lack
the specific facts needed for each reasoning step.
Through per-hop analysis across MuSiQue, Hot-
potQA, and 2WikiMultihopQA, we identified two
distinct failure modes: retrieval failures and ex-
traction failures. On MuSiQue, extraction failures
account for 27.3% of all hops and are invisible to
standard retrieval metrics. No retrieval intervention

we test — augmentation or reranking — recovers a
fact missing from the retrieved passage, establish-
ing a concrete ceiling for retrieval-only approaches.

These findings generalize: on HotpotQA, the
same patterns — declining accuracy with more
flagged hops, and larger intervention gains on
flagged questions — appear without retraining the
predictor. The fact-grounding gap is not specific
to MuSiQue or to sparse retrieval, but a recurring
property of multi-hop QA systems.

Limitations

Our study has several limitations. First, our analy-
sis uses a single reasoning model (GPT-4.1-mini).
While the cross-dataset and cross-retriever transfer
results suggest generalizability, the specific failure
rates and intervention effects may differ with other
reasoning models. Second, our LLM judge, despite
strong human agreement (x = 0.840), may ex-
hibit systematic biases on question types not well-
represented in the few-shot examples. Third, our
interventions show substantial gains only on re-
trieval failures; we do not propose solutions for
extraction failures, which likely require approaches
beyond retrieval, such as improved passage rep-
resentation or fact-aware reading comprehension.
Fourth, we evaluate on English-language datasets
with Wikipedia-based corpora; the prevalence of
the fact-grounding gap in other languages, do-
mains, or corpus types remains unexplored. Fifth,
we evaluate the fact-presence predictor only in
multi-hop QA; because this system requires just
a query and its retrieved passages, it could apply
to other retrieval-based pipelines such as retrieval-
augmented generation, but we do not test that set-
ting.
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A  LLM Judge Prompt

The fact-presence judge uses the following prompt
template with few-shot examples:

You are evaluating whether retrieved
passages contain enough information to
answer a specific sub-question in a
multi-hop reasoning chain.

Given a sub-question and retrieved
passages, determine:
- YES: The passages contain enough

information to answer the sub-question

(even if the answer is implied,
paraphrased, or requires minor
inference).

- NO: The passages do NOT contain enough
information to answer the sub-question.
The needed fact is missing.

IMPORTANT: Judge whether the SPECIFIC
FACT needed to answer this sub-question
is present. A passage can be topically
related but still lack the specific
fact needed.

Sub-question: {sub_question}
Passages: {passages}
Reasoning:

Example:

Sub-question: Trey Parker: place of birth
Passages: [1] South Park: South Park is an Amer-
ican animated sitcom created by Trey Parker and
Matt Stone. The show premiered on August 13,
1997, on Comedy Central.

Reasoning: The passage mentions Trey Parker
as a creator of South Park, but says nothing about
where he was born.

Verdict: NO

The complete set of six examples is included in our
released code.

B Sub-Question Normalization Examples

MuSiQue stores some sub-questions in a shorthand
format derived from knowledge graph triples. We
normalize these to natural language using GPT-4.1-
mini (Table 8).

Shorthand Normalized

UHF > distributed by Which company distributed
UHF?

Green > performer Who is the performer of
Green?

Learjet 60 > manufac- Who manufactures the Lear-

turer jet 60?

Ciudad Deportiva > Who owns Ciudad De-

owner portiva?

Table 8: Sub-question normalization examples.

Of 6,404 sub-questions on MuSiQue dev, 4,100
are already in natural language; the remaining

2,304 require conversion (1,315 unique shorthand
patterns). All conversions are saved as an auditable
mapping file.

C Gold Paragraph Consistency

We compare LLM labels against MuSiQue’s gold
paragraph annotations. When the gold supporting
paragraph is retrieved at a hop, the judge labels
this hop as answerable 81.7% of the time (2,677 of
3,275 hops). The remaining 18.3% represent gen-
uinely ambiguous cases where the gold paragraph
does not self-sufficiently answer the sub-question.
When the gold paragraph is not retrieved, the judge
labels only 15.0% as answerable (468 of 3,129
hops) — these are cases where the needed fact
appears in a non-gold passage.

D Retrieval Recall Correlation Analysis

If retrieval quality alone explained extraction fail-
ures, hops with higher retrieval recall should show
higher fact presence. When we consider all 6,404
hops on the MuSiQue dev set, retrieval recall and
fact presence are moderately correlated (Spear-
man p = 0.449): hops where more gold passages
are retrieved tend to be more answerable. How-
ever, this relationship largely reflects easy cases
where retrieval and fact presence succeed or fail
together. Among the 5,283 hops where the system
answers incorrectly — the cases where diagnosis
matters most — the correlation nearly vanishes
(p = 0.042). Retrieval recall provides almost no
signal about whether a failure is a retrieval problem
or an extraction one.

Table 3 (main text) compares several baselines
for predicting per-hop fact presence. Without gold
annotations, the best predictor (retrieval recall)
reaches only 68.1% accuracy. Two methods us-
ing gold annotations perform substantially better:
string matching the intermediate answer against re-
trieved text (80.8%) and verifying gold paragraph
presence (83.4%). These require knowing the gold
answer in advance and cannot be applied at infer-
ence time. The 15-point gap between retrieval re-
call (68.1%) and gold paragraph presence (83.4%)
indicates that fact presence is predictable from pas-
sage content, but standard retrieval metrics cannot
capture it (Ru et al., 2024).

E Predictor Complementarity Analysis

We compare DeBERTa against a BM25 score
threshold (flagging hops where the maximum re-



trieval score falls below the corpus median) and a
random predictor (flagging each hop with probabil-
ity 0.5). Table 9 reports the Spearman correlation
between the number of flagged hops per question
and QA failure.

Predictor Spearman p p-value

Random —0.066 1.11 x 1073
DeBERTa —0.216 5.76 x 10727
BM25-threshold —0.254 6.54 x 10727
DeBERTa N BM25 —0.282 1.72 x 107%°

Table 9: Spearman correlation between flag count and
QA failure. The intersection of DeBERTa and BM25
yields the strongest signal, as the two capture comple-
mentary failure dimensions.

BM25-threshold achieves a stronger individual
correlation (p = —0.254) than DeBERTa (p =
—0.216), as retrieval score directly reflects query—
document match quality. However, the two signals
capture complementary failure dimensions. At the
hop level, DeBERTa and BM25-threshold flags
overlap with a Jaccard coefficient of only 42.9%,
indicating that they identify substantially different
sets of deficient hops.

Category Hops )

Both flag 1,971 30.8
DeBERTa-only 1,230 19.2
BM25-only 1,391  21.7
Neither 1,809 28.3

Table 10: Hop-level overlap between DeBERTa and
BM25-threshold flags (6,401 hops). Jaccard overlap:
42.9%.

To understand what each signal captures, we
measure baseline QA accuracy for questions
grouped by which predictor(s) flag at least one hop.

Signal source n Baseline acc. (%)
Neither flags 214 76.6
DeBERTa-only flags 208 71.6
BM25-only flags 342 63.7
Both flag 1,434 41.0

Table 11: Baseline QA accuracy by which predictor(s)
flag the question. DeBERTa-only questions retain rela-
tively high accuracy, suggestive of extraction-type defi-
ciencies where retrieval appeared adequate. BM25-only
questions have lower accuracy, suggestive of retrieval-
risk cases.

Questions flagged only by DeBERTa exhibit rel-
atively high baseline accuracy (71.6%), suggestive

of extraction-type deficiencies: the retrieval system
found relevant documents (hence no BM25 flag),
but the needed fact is absent or not extractable from
the retrieved passages. Questions flagged only by
BM25 have lower accuracy (63.7%), suggestive of
retrieval-risk cases: the retrieval scores are low be-
cause the system failed to find relevant documents.
Their intersection produces the strongest predic-
tor (p = —0.282, p < 10~%5), as the two signals
capture complementary failure dimensions.

F Supervised Fine-Tuning Experiment

To test whether the fact-grounding signal can im-
prove the reasoning model itself, we fine-tune GPT-
4.1-mini on 654 successful Self-Ask reasoning
traces — questions where the baseline model pro-
duced correct answers. The training data consists
of the exact multi-turn prompt-response pairs from
the Self-Ask pipeline, with no intervention exam-
ples.

The fine-tuned model improves by +3.5 points
over the base model (48.1% — 51.6%, LLM-
judged on n = 2,417), comparable to the De-
BERTa intervention gain (+3.7%). The training
data contains no intervention traces; the model
learns better reasoning patterns purely from its own
successful trajectories. SFT and DeBERTa-targeted
intervention represent complementary approaches:
one improves the evidence at inference time, the
other improves reasoning at training time.

G Retrieval Corpus Details

For each dataset, we index passage contexts in Elas-
ticsearch using default BM25 scoring (Table 12).
For the dense-retrieval experiments (§4.3), we en-
code the MuSiQue and HotpotQA passage sets
with Contriever (facebook/contriever) and in-
dex them with FAISS.

Dataset Passages Source

MuSiQue 139,416 Train + dev passage contexts
HotpotQA 507,494 Full Wikipedia abstracts
2WikiMultihopQA 136,009 Dev + 20K train sample contexts

Table 12: Retrieval corpus statistics per dataset.

H Statistical Testing Details

For paired accuracy comparisons (e.g., DeBERTa
vs. Baseline), we use McNemar’s test on the 2 X 2
contingency table of per-question correct/incorrect



Dataset Retriever  Intervention  Predictor Gain D 95% CI

MuSiQue ~ BM25 Reranking MuSiQue-trained +85  5x107%%  [+6.8,+10.2]
MuSiQue  BM25 Augmentation  MuSiQue-trained +3.7 3x107° [+2.2,45.2]
MuSiQue  Contriever ~Augmentation =~ MuSiQue-trained +3.5 8x1077 [+2.1,+4.8]
HotpotQA  BM25 Augmentation  MuSiQue-trained +5.1 <1073 [+4.3,+5.9]
HotpotQA  Contriever ~Augmentation MuSiQue-trained +6.8  3.5x1071%  [+4.8,+8.9]
HotpotQA  Contriever  Augmentation  HotpotQA-retrained +10.0 3x1071° [+7.6,+12.4]
HotpotQA  BM25 Augmentation  HotpotQA-retrained  +8.7 9x10~ [+6.5,+10.9]

Table 13: McNemar’s test for targeted (DeBERTa) intervention vs. baseline. Gains and 95% confidence intervals in

percentage points. All gains significant at p < 0.001.

outcomes. We report bootstrap 95% confidence in-
tervals for key effect sizes, computed with 10,000
resamples. Spearman rank correlations are used
for monotonic associations (e.g., flag count vs. QA
accuracy) because the outcome is ordinal and non-
Gaussian. All reported p-values are two-sided un-
less otherwise noted. Per-comparison results are
given in Table 13.

I DeBERTa Training Details

MuSiQue predictor. Model: DeBERTa-v3-large
(435M parameters, 24 layers, 1,024 hidden dimen-
sions). Training data: 46,610 hop-level examples
from MuSiQue train. Dev set: 6,404 examples
from MuSiQue dev. Learning rate: 2 x 10~°. Batch
size: 16. Max sequence length: 512. Warmup: 10%
linear. Early stopping: patience 3, selected by dev
F1. Converged at epoch 3.

2WikiMultihopQA predictor. Same architec-
ture retrained on 2WikiMultihopQA labels. Train-
ing data: hop-level examples from 2WikiMQA
train trajectories, labeled by the same LLM-judge
procedure. The retrained predictor achieves 97.4%
accuracy (F1 = 0.983) on 2WikiMQA dev, with
bimodal probability distribution (flagged hops ~
0.000, non-flagged ~ 0.999). Zero-shot transfer
from MuSiQue failed on this dataset (0% flag rate),
necessitating domain-specific retraining.

HotpotQA predictor. Same architecture re-
trained on HotpotQA labels generated by the same
LLM-judge procedure, with hyperparameters iden-
tical to the MuSiQue predictor.

BERT-base and RoBERTa-large. Trained with
identical hyperparameters and data as the MuSiQue
DeBERTa predictor. BERT-base: 110M parame-
ters, 12 layers. RoBERTa-large: 355M parameters,
24 layers. Results reported in Table 4 in main text.

J Compute Infrastructure

DeBERTa training was performed on NVIDIA
A100 GPUs (PCle and SXM variants) via Run-
Pod, at a total cost of approximately $80. The QA
pipeline and all experiments were run on a 2-vCPU
DigitalOcean VM (Ubuntu 24) with no GPU. LLM
API calls used GPT-4.1-mini via the OpenAl API
at a total cost of approximately $100.

K Dataset and Model Licenses

Datasets. MuSiQue-Ans is released under the
CC BY 4.0 license. HotpotQA is under CC BY-SA
4.0. 2WikiMultihopQA is under Apache 2.0. All
three datasets used per stated intended use.

Models. DeBERTa-v3-large is under the MIT Li-
cense. BERT-base and RoBERTa-large are under
Apache 2.0 and MIT, respectively. GPT-4.1-mini
is accessed via the OpenAl API under OpenAl’s
Terms of Use. Our applications follow the intended
use of these terms and applicable model cards.

Contriever is under the CC BY-NC 4.0 license
and FAISS under the MIT License. Our use of
Contriever is non-commercial academic research,
consistent with its license.

Elasticsearch is under the Server Side Public
License (SSPL) v1. Our applications follow the
intended use.
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