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Abstract

On multi-hop benchmarks, modern Graph-RAG retrieves the gold
answer for 77-90% of questions, yet a budget open-weight 8B model
answers only 31-77% correctly. We show that faithfulness (read-
ing the retrieved evidence rather than guessing) and calibration
(abstaining when it is insufficient) account for a large, recoverable
part of this gap. A leak-controlled decomposition finds that on the
hardest, least-contaminated benchmark (MuSiQue), 43% of ques-
tions have their supporting facts in the retrieved context yet are
answered wrong, and on these the model gives a confident answer
82% of the time rather than abstaining. A grounding-and-calibration
prompt makes the model answer from the retrieved context or ab-
stain when it cannot, a more trustworthy operating point at no
accuracy cost. A re-ask step then spends some of that calibration
for coverage, turning abstentions into correct answers for a gain of
+9 pp on KET-RAG and +13 pp on LightRAG (MuSiQue, answer-
present slice) that closes about half the gap to a 70B model on
KET-RAG and most of it on LightRAG. Few-shot example source
moves the model along the same faithfulness-accuracy frontier,
better for calibration than accuracy. Unlike structure-exploiting
augmentations that degrade on uniform-relevance retrieval, ground-
ing helps most there. For small-model Graph-RAG the target is
faithful, calibrated use of retrieved evidence. Code is available at
https://github.com/thomouvic/graphrag-faithfulness.
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1 Introduction

Multi-hop question answering requires combining several pieces of
evidence scattered across a document collection. Graph-augmented
retrieval-augmented generation (Graph-RAG) [2] addresses this
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by building a knowledge graph from the corpus and retrieving a
connected, multi-hop context for a language model to read. On
standard benchmarks (HotpotQA [24], MuSiQue [18]) state-of-the-
art Graph-RAG, such as KET-RAG [8] and LightRAG [6], retrieves
well. The gold answer is somewhere in the retrieved context for
77-90% of questions, yet a budget open-weight 8B model, the kind
a cost-sensitive or private deployment would run, answers only
31-77% of them correctly [26]. Strong retrieval does not produce
strong answers.

Prior work [26] narrows this gap, but its approach leans on a
strong relevance signal from the retrieval graph and falters when
that signal is weak. We ask a different question. Once retrieval has
already put the evidence in front of the 8B model, what does it still
get wrong, and can a fix for that hold whether or not retrieval pro-
vides such a signal? The gap is largely one of faithfulness (using the
retrieved evidence rather than guessing) and calibration (abstaining
when the evidence does not support an answer), more than a failure
of multi-step reasoning.

When the answer is sitting in the retrieved context and the model
still gets it wrong, it commits to a confident guess 82% of the time
rather than reading it out or admitting it cannot. This matches
recent accounts of reasoning failures that separate faithfulness
and calibration from core reasoning [17], and of weaker models
committing early where stronger ones defer to the context [13].
Levers to address this have been shown useful in other settings,
including prompting for context-faithfulness and abstention [28],
re-attempting abstained instances to recover coverage [21], and
accuracy-versus-coverage evaluation [1, 3]. What is new here is
what the levers reveal and recover in the Graph-RAG setting.

We diagnose the model’s errors as dominated by unfaithful, over-
confident reading; we show that grounding plus re-asking recovers
a large share of those errors, closing about half of the gap to a 70B
model on KET-RAG and most of it on LightRAG over the single-
shot baseline; we identify an example-source knob that moves the
model along the same faithfulness-calibration axis; and we show
this lever is robust across retrieval bases, helping on both KET-RAG
and LightRAG, where the structure-exploiting augmentations of
prior work help on one and degrade on the other.

Contributions.

(1) A diagnosis (§3). A closed-book leak control plus coverage
gives a four-way decomposition of the gap into memorized,
genuine-retrieval-success, faithfulness-failure, and retrieval-
ceiling buckets. On MuSiQue, one of the hardest multi-hop
benchmarks, the faithfulness-failure bucket (facts present, an-
swer wrong) is 43% of all questions, and the model is confidently
wrong far more often than it abstains.

(2) A grounding-and-calibration lever with two operating
points (§4,§6). A prompt requiring a context-grounded an-
swer or an abstention (a grounding-and-calibration prompt in
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the spirit of context-faithful prompting [28]) makes the model
markedly more trustworthy at no accuracy cost; adding a re-ask
step (a post-abstention method [21]) converts many of those
abstentions into correct answers, for a real +9 pp (KET-RAG)
and +13 pp (LightRAG) accuracy gain on the answer-present
slice of MuSiQue.

(3) Two knobs, one frontier (§6.2,§6.3). The choice of few-shot
example source (generic vs in-domain) is an alternate lever
that moves the model along the same faithfulness-accuracy
frontier as the grounding prompt. In-domain examples increase
faithfulness but trade accuracy for it on their own, so example
source is best used as a calibration knob, not an accuracy knob.

(4) Structure-agnostic, unlike structure-exploiting augmen-
tations (§6.4). Graph-walk compression (GW) [26] and iterative
retrieval (IRCoT) [19] degrade on uniform-relevance retrieval
(LightRAG); the grounding lever helps most there, because it
improves the use of whatever context is present rather than
exploiting a retrieval gradient.

2 Background

Graph-RAG retrieval bases. [2] introduced GraphRAG; KET-RAG
[8] adds cost-efficient multi-granular indexing; LightRAG [6] uses
dual-level hybrid retrieval; more recent systems scale graph re-
trieval to large corpora (LinearRAG [29]) or cast it as long-term
memory (HippoRAG2 [7]). We evaluate on KET-RAG and Ligh-
tRAG, which, like GraphRAG, expose entity-relationship triples in
the retrieved context, the structure the SPARQL-CoT scaffold reads;
retrievers that return flat passages (e.g. HippoRAG) fall outside this
scope. Complementary efforts close the small-model Graph-RAG
gap by training or changing the architecture (Deep GraphRAG [10],
GraphScout [25], RPO-RAG [20]); ours instead leaves the model
and retriever fixed and acts only at inference.

Prompting and reasoning-side methods. SPARQL-CoT prompt-
ing (reasoning as a SPARQL-style query) and graph-walk com-
pression (GW) were introduced by [26]. IRCoT [19] interleaves
retrieval with chain-of-thought, as do StepChain [15] and BDTR
[4] on GraphRAG; self-consistency [22] samples multiple reasoning
chains and takes the majority answer. In-context learning is sensi-
tive to which demonstrations are used [11, 14, 27], the dimension
our example-source study isolates.

Faithfulness, calibration, and selective prediction. Surveys sepa-
rate faithfulness and robustness failures from core reasoning limits
[17], and weaker models commit to answers earlier than stronger
ones [13]. We report the trustworthiness axis as selective prediction,
accuracy as a function of coverage [3]. Calibration and faithfulness
for knowledge-graph RAG are increasingly targeted directly, via
causality-aware calibration [16], RL over answer-faithful traces
[12], and counterfactual faithfulness data [9]; we pursue the same
goals with a fixed-model, inference-time prompt.

3 Diagnosis: a faithfulness and calibration gap

We study Llama-3.1-8B, a budget open-weight model, against Llama-
3.3-70B from the same family; a same-family pairing isolates the
effect of scale from differences in architecture or training. To di-
agnose what the 8B gets wrong, we tag every question with two
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Table 1: Decomposition of the model’s 500 questions per
benchmark and retriever; bucket and column definitions are
given in the text. KET-RAG rows use [26]’s single-shot run,
the LightRAG rows ours.

share of questions (%) ‘ accuracy (%)

Cell leak RAGwin useFail unans ‘ raw non-leak
HotpotQA KET-RAG 26 53 16 5| 77 71
HotpotQA LightRAG 26 50 17 6| 72 68
MuSiQue KET-RAG 5 27 43 25| 31 29
MuSiQue LightRAG 5 33 36 26 36 34

signals. The first is a closed-book check, in which the model an-
swers with no retrieved context; a correct answer there means the
model memorized it in pretraining, so it would not be available on a
private corpus. The second is coverage, whether the entities needed
to answer the question actually appear in the retrieved context.
Crossing the two sorts every question into four buckets, computed
per benchmark and retriever (Table 1).

The four buckets classify each question by what happened. A
question is leak if the model answered it correctly with no context
(the answer was memorized), RAGwin if retrieval rescued it (wrong
without context, right with it), useFail if the supporting facts were
present but the answer was still wrong, and unans if those facts were
never retrieved. These four are shares of the questions; the last two
columns turn them into accuracy, with raw counting the two correct
buckets (leak and RAGwin) and non-leak dropping the memorized
leak column to report accuracy on the questions a private corpus
would actually present. Coverage here is the principled bridging-
entity measure of [26], and a simpler answer-string measure agrees
with it within ~2 pp on every slice, so the buckets and downstream
slices are insensitive to the choice.

Two facts stand out. First, HotpotQA’s high accuracy is roughly
one-quarter memorization (26% leak), so its honest non-leak accu-
racy is lower and its remaining faithfulness-failure bucket is small
(16%). MuSiQue is the opposite, nearly leak-free at 5% with a large
43% useFail bucket, its low leak matching counterfactual analy-
ses that flag HotpotQA but not MuSiQue for contamination [23].
MuSiQue is therefore the clean test of genuine retrieval use, and
HotpotQA is a useful contrast where we should expect a faithful-
ness lever to help little. The same MuSiQue questions on LightRAG
(Table 1) show more RAGwin and a smaller useFail bucket (36%),
consistent with LightRAG’s stronger single-shot baseline, but faith-
fulness failures remain the largest single source of error.

Second, the useFail bucket is more a faithfulness signature than a
reasoning one. A per-question look inside MuSiQue’s useFail bucket
shows why. On these questions the 8B commits to a confident
answer 82% of the time and abstains only 18%, whereas the 70B
on the same questions abstains 60% of the time. The 8B’s wrong
answers are built from context vocabulary (94% token overlap with
the context) but are rarely the correct whole entity. The model has
the evidence and fails to read it out faithfully, more than it fails
to chain the hops. A concurrent model-internal analysis reaches a
compatible conclusion by a different route, finding that evidence
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present in the context is often not faithfully integrated into the
model’s computation [5].

A 30-question manual audit confirms the buckets are meaningful,
though useFail can overcount answerability (comparison and yes/no
questions), so we read it as an upper bound, not as evidence that
the residual is free of reasoning failures.

4 Methods

All methods operate at inference time on the same retrieved context,
on top of SPARQL-CoT prompting [26].

Grounding-and-calibration prompt (GROUND). GROUND instructs
the model to answer only with an entity copied verbatim from
the context, to quote the supporting span for each step, and to
reply “I don’t know” when it cannot support an answer. It costs
one LLM call. The intent is to suppress confident guessing and to
make abstention an explicit, available action.

Grounding with re-ask (REASk). When GROUND abstains or re-
turns an answer not grounded in the context, we issue one focused
follow-up that asks the model to re-read the context and extract
the single best-supported entity. The final answer is the grounded
follow-up if it produces one, otherwise the original. REASK costs up
to two LLM calls. It is designed to recover the answers that GROUND
honestly declined.

Few-shot example source (FS-A/B/C). We hold the few-shot format
fixed and vary only the example source. The three sources are (A)
generic hand-crafted examples [26], (B) in-domain hand-crafted
examples, and (C) teacher-harvested examples, taken from the 70B’s
correct SPARQL-CoT on the MuSiQue train split, hop-balanced and
filtered, and audited to be free of overlap with the evaluation set.
This isolates whether matching the example distribution to the
benchmark helps.

Self-consistency (SC) and graph-walk compression (GW). We apply
SC [22] (k=3 at T=0.7, majority vote over normalized answers; three
LLM calls) and reuse [26]’s GW (BFS from question entities, token
budget 4,000; no LLM calls). We also include an iterative-retrieval
baseline, IRCoT-frozen [19], run over the already-retrieved pool.

Evaluation and judges. Predictions are scored against gold by a
heuristic matcher (normalized exact, substring, alias) with an LLM-
judge fallback for the residual ambiguous pairs; the judge is the
same 8B model used for QA, which [26] reports at ~96% agreement
with human evaluators. We additionally re-score the KET-RAG and
LightRAG grounding results with an independent 70B judge.

5 Experimental setup

We evaluate on HotpotQA and MuSiQue with KET-RAG and Ligh-
tRAG retrieval, 500 paired questions per cell, using [26]’s published
indexes. The grounding lever and example-source study are run at
temperature 0 (greedy, deterministic) so accuracy is reproducible
and run-to-run noise does not confound the deltas; we report paired-
bootstrap 95% confidence intervals (10,000 resamples) and mark a
delta significant when its CI excludes zero. Following the diagnosis,
the deep analysis focuses on MuSiQue (low leak, large rescuable
bucket) with HotpotQA as the contrast case. The method matrix is
reported on all four cells. Baseline accuracies differ across Tables 1,
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2, and 5 because they come from different runs and slices (the [26]
SPARQL run used for the decomposition, our deterministic 7=0
runs on the deployment slice, and the matrix run, respectively).
Every reported delta and its confidence interval is computed paired,
within a single run and slice, so these baseline differences never
enter a comparison.

6 Results

This section tells one story. The small model’s errors are mostly
confident wrong guesses made with the answer already in front
of it, so the lever is to make it read from the evidence and abstain
when it cannot, rather than to make it reason harder. Doing this
moves the model along one dial that trades coverage for precision.
It answers fewer questions but gets more of them right, and a
re-ask step then recovers much of what it had honestly set aside,
which is what closes much of the gap to the 70B model. The same
dial turns out to be reachable a second way, through the choice of
few-shot examples, so it is a real underlying axis and not a quirk
of one prompt. Finally, this family works in the opposite regime
from the structure-exploiting augmentations of prior work, which
lean on structured retrieval and fail without it, whereas grounding
improves how the model reads whatever context it has and helps
most precisely where those methods break down.

6.1 The grounding lever

We focus the lever on MuSiQue, the cell where the diagnosis local-
izes the rescuable headroom (a 43% faithfulness bucket, versus 16%
on the more memorized HotpotQA). Table 2 reports accuracy on
the deployment slice (leak removed, answer present in context, the
subset where grounding can act), the honest private-corpus target.
On both bases the full lever (REAsK) produces a significant accu-
racy gain over single-shot SPARQL-CoT, +9.3 pp on KET-RAG and
+12.8 pp on LightRAG. Grounding alone (GRouND) holds KET-RAG
accuracy flat, the trustworthy operating point at no accuracy cost,
yet already wins outright on LightRAG (+7.1 pp), notably the base
where the model bluffs most. Both gains are preserved under an
independent 70B judge (+10.4 pp on KET-RAG and +11.9 pp on
LightRAG, both still significant), so they are not an artifact of the
model judging itself. The gain also survives dropping the answer-
present filter. On the full MuSiQue set (N=500) the REASK gain
narrows but stays significant, +7.6 pp on KET-RAG and +8.0 pp on
LightRAG, so the deployment slice isolates where grounding can
act rather than manufacturing the effect. For reference, an unaug-
mented 70B SPARQL-CoT-CoT baseline scores 50.3% on the same
KET-RAG slice (Table 2), so REask closes roughly half (52%) of
the KET-RAG gap to the 70B. On LightRAG, ReAsk (56.2%) nearly
reaches the 70B reference (58.8% [26]), closing most of the gap.

6.2 The faithfulness-accuracy frontier

The two operating points differ on the trustworthiness axis (Ta-
ble 3). Accuracy is precision times coverage, the answered fraction
(one minus abstain), so abstaining trades coverage for precision.
GROUND is the honest point. It abstains more, is confidently wrong
less, grounds far more of its answers in the context, and is more
precise. REASK is the accuracy point. It abstains rarely (it commits
to a grounded answer), which raises accuracy but spends some
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Table 2: MuSiQue accuracy (%), deployment slice (non-leak,
answer-present), 7=0; A is versus the SPARQL-CoT baseline,
in pp, and v marks a significant gain (paired bootstrap, 95%).
The italic 70B SPARQL-CoT rows are unaugmented large-
model references; the LightRAG value is from [26]’s Ligh-
tRAG experiment (Table 11, answer-present).

base method acc (%) A (pp)
SPARQL-CoT (baseline) 324 —

GROUND 324 +0.0

KETRAG  prask 418 493V
70B SPARQL-CoT (ref) 50.3 -
SPARQL-CoT (baseline) 435 —

. GROUND 50.6 +7.1V
LIghtRAG 1 sk 562 +12.8V
70B SPARQL-CoT (ref) 58.8 -

Table 3: Trustworthiness on MuSiQue (all 500), in %. abstain
= share of questions the model declines; conf-wrong = share
answered wrongly without abstaining; gr-span = share of
answers copied verbatim from the context; prec = accuracy
among answered questions.

base method abstain conf-wrong gr-span prec
SPARQL-CoT 26 45 57 39
KET-RAG  GROUND 38 33 89 47
Reask 11 52 85 41
SPARQL-CoT 15 49 44 42
LightRAG  GROUND 26 35 59 52
Reask 7 49 59 47

calibration. Reporting accuracy alone hides this, because an honest
abstention is scored as wrong; the selective-prediction view (ac-
curacy at a given coverage) is the faithful summary and is where
GRrouND dominates.

Figure 1 makes the trade-off explicit. The grounding prompt
and the example-source knob move the model along a common
coverage-precision trade-off, while the SPARQL-CoT baseline sits
clearly below, answering often but imprecisely. This is the visual
statement of the thesis. There is a single faithfulness-calibration
axis, two independent knobs move the model along it, and the
re-ask step recovers the answers it had honestly declined.

6.3 Example source is a calibration knob

Varying only the few-shot example source moves the model along
the same axis (Table 4). Generic examples (A) give the highest
accuracy; in-domain hand-crafted (B) and teacher-harvested (C) ex-
amples lose accuracy significantly on every cell, by 6-7 pp, with no
cell where they win. Scored on the trustworthiness axis, in-domain
examples behave like GROUND, with abstention rising (21% to 44%
on KET-RAG), confident-wrong falling (42% to 27%), and preci-
sion rising (46% to 52%). In-domain few-shot is thus a faithfulness
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Figure 1: Coverage vs precision on MuSiQue-KET-RAG. Two
unrelated knobs, the grounding prompt (GROUND, REASK)
and the few-shot example source (A generic, B in-domain,
C teacher-harvested), move the model along a common
coverage-precision trade-off; the SPARQL-CoT baseline sits
below it, answering often but imprecisely.

Table 4: MuSiQue accuracy (%) by few-shot example source
(T=0). | = significant loss vs A.

base A generic B in-domain C teacher
KET-RAG 36.8 29.6] 29.6]
LightRAG 43.8 37.2] 38.0]

Table 5: Accuracy (%) at N=500 for inference-time augmen-
tations of SPARQL-CoT. /| = significant gain/loss vs SPAR-
QL-CoT (paired bootstrap).

Cell SPARQL-CoT +FS+SC +FS+SC+GW +IRCoT
HotpotQA KET-RAG 68.8 788V 79.6 v 67.0
HotpotQA LightRAG 71.0 77.8V 67.4  61.6]
MuSiQue KET-RAG 33.8 40.0V 40.8V 35.2
MuSiQue LightRAG 40.0 43.6 40.0  31.8]

intervention delivered through demonstrations, accuracy-neutral-
to-negative on its own, mirroring the GROUND operating point. The
accuracy lever is the re-ask step, not the choice of examples.

6.4 Structure-agnostic, unlike GW and IRCoT

Table 5 reports the inference-time augmentations on all four cells.
GW and IRCoT degrade on LightRAG, the uniform-relevance base,
which we read as reliance on the relevance gradient that KET-RAG’s
p-stratified retrieval provides and LightRAG does not (GW —3.6
pp, IRCoT —8.2 pp on MuSiQue-LightRAG). The grounding lever
does the opposite. It helps most on LightRAG (Table 2), because it
improves how the model uses whatever context is present rather
than exploiting retrieval structure. The faithfulness lever and the
structure-exploiting augmentations are therefore complementary,
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and the contrast suggests that the binding constraint for the latter
family is retrieval structure, while the former is indifferent to it.

7 Conclusion

We diagnosed a large, recoverable part of the small-model Graph-
RAG gap as one of faithfulness and calibration. The open-weight 8B
has the retrieved evidence but commits to confident guesses instead
of reading it out or abstaining. A grounding-and-calibration prompt
makes it answer from the context and abstain when it cannot, and a
re-ask step turns the resulting honesty back into accuracy, closing
much of the gap to a 70B model. The same faithfulness-calibration
axis is reachable by few-shot example choice and works in the oppo-
site regime from retrieval-structure-exploiting augmentations. For
a private-corpus deployment, the target is faithful, calibrated use
of the evidence, and honest abstention is first-class, since a system
that abstains is deployable where one that confidently hallucinates
is not.

GenAl Usage Disclosure

This paper studies generative language models as its object of anal-
ysis. The systems under evaluation are open-weight Llama-3.1-8B-
Instruct and Llama-3.3-70B models, which are also used as auto-
matic judges in the evaluation. These uses are part of the reported
methodology and are described in the Methods and Experimental
Setup sections.

We used an Al coding assistant (Claude Code) to help with ex-
periment scripting and paper editing; all scientific contributions
were made by the authors.
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