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Abstract

Multi-hop Retrieval-Augmented Generation
can fail even when relevant evidence has been
retrieved. The remaining difficulty lies in how
evidence is connected across reasoning steps:
an intermediate answer may be unsupported, at-
tached to the wrong anchor, or propagated into
a later step without valid evidence. We study
this failure as Reasoning Chain Hallucination
(RCH), where a fluent multi-hop reasoning pro-
cess contains one or more ungrounded inter-
mediate steps. To address RCH, we formulate
Retrieve–Verify–Generate (R-V-G) for multi-
hop RAG: retrieved evidence should support an
explicitly verified reasoning structure before it
is allowed to guide generation. GROUNDRAG
is an evidence-verified framework that imple-
ments this requirement. GroundRAG first ac-
quires the evidence needed to instantiate inter-
mediate reasoning variables, then represents the
reasoning process as a typed dependency chain.
Each step is checked against retrieved passages
using explicit grounding criteria; unresolved
steps are repaired with queries formed from ver-
ified intermediate answers, while insufficiently
grounded chains are discarded before genera-
tion. This design separates evidence acquisi-
tion from the decision of whether a reasoning
chain is safe to use. On HotpotQA, 2WikiMul-
tiHopQA, and MuSiQue, GroundRAG reaches
73.8%, 69.2%, and 44.3% LLM-judged accu-
racy, respectively, outperforming the strongest
baseline in our evaluation.

Keywords: Retrieval-Augmented Generation ,
Multi-hop Question Answering , Grounded Chain
Verification , Graph-based Retrieval , Large
Language Models

1 Introduction

Retrieval-Augmented Generation (RAG) is widely
used to mitigate factual hallucination in Large Lan-
guage Models by grounding generation in query-
relevant external evidence (Lewis et al., 2020; Ji

*Corresponding author.

et al., 2023). As RAG increasingly relies on exter-
nal knowledge bases, the integrity and ownership
of retrieved corpora have also emerged as system-
level concerns (Wang et al., 2026). On simple fac-
toid questions the recipe is direct. On multi-hop
questions—where the answer requires combining
facts from two or more passages—it stops being so:
the first hop’s retrieval may not surface the second
hop’s evidence, the bridging entity may not appear
in the question, and the model may produce a chain
of reasoning that no retrieved passage actually sup-
ports.

Graph-based RAG (GraphRAG) addresses multi-
hop retrieval by inducing structure over the cor-
pus and propagating evidence across hops (Edge
et al., 2024; Pan et al., 2024; Chen, 2024; Xiao
et al., 2026). Early work such as RAPTOR (Sarthi
et al., 2024) and Microsoft GraphRAG (Edge
et al., 2024) organises knowledge through hierar-
chical summarisation, enabling coarse-to-fine re-
trieval. Building on this, GFM-RAG (Luo et al.,
2025), G-Retriever (He et al., 2024), and Ligh-
tRAG (Guo et al., 2025) integrate specialised en-
coders and indexing strategies for scalability and
efficiency. HippoRAG (Gutiérrez et al., 2024)
and HippoRAG 2 (Gutiérrez et al., 2025) draw
on cognitive-science motivations to apply Person-
alised PageRank for multi-hop retrieval, and Linear-
RAG (Zhuang et al., 2026) further reduces graph-
construction cost via a token-free tri-graph. A
parallel line of work attacks the same problem
through question decomposition: IRCoT (Trivedi
et al., 2023) interleaves chain-of-thought with re-
trieval, ReD-RAG (Chen et al., 2025) trains a dedi-
cated decomposer with rewriting markers, Chain-
RAG (Zhu et al., 2025) completes entities between
hops, LAG (Xiao et al., 2025) uses logical-self-
judgement terminators, and LogicRAG (Chen et al.,
2026) constructs dependency DAGs at inference
time.

Better retrieval alone does not make multi-hop
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Evidence Available ≠ Chain Grounded

The evidence exists; the failure is the wrong intermediate anchor.

Question: In which country was the director of The Imitation Game born?

Retrieved Evidence

Without chain verification

Evidence is attached to the wrong entity.

GroundRAG

Ground the link before using the chain.

The Imitation Game 

...directed by

Morten Tyldum ...

Morten Tyldum ...

born in Bergen ...

Bergen ...

in Norway ...

Benedict Cumberbatch

 ... born in London ...

London ...

capital of the

United Kingdom ...

P1 P2 P3 P4 P5

Correct first hop

The Imitation Game → Morten Tyldum ✓

Anchor drift

Morten Tyldum → Benedict Cumberbatch

Wrong chain

Benedict Cumberbatch → London → United Kingdom

Final answer: United Kingdom ×

Preserve the anchor

c1: The Imitation Game → Morten Tyldum ✓

Detect mismatch (R2)

Required anchor:

Morten Tyldum ≠ Evidence anchor:

Benedict Cumberbatch

Targeted repair

query: Morten Tyldum + birthplace

Repaired chain

Morten Tyldum → Bergen → Norway ✓

Final answer: Norway ✓

Figure 1: Evidence availability does not guarantee a grounded reasoning chain. In this illustrative bridge-entity
example, all required facts are available alongside a plausible competing person. Without explicit dependency
verification, the birthplace relation can drift from the film’s director to its lead actor, yielding a locally supported but
globally incorrect chain. GroundRAG preserves the intermediate anchor in a typed slot, detects R2 (anchor-not-
supported), repairs the unresolved dependency, and returns Norway.

RAG reliable. A system may retrieve passages con-
taining the information needed for the final answer
and still combine them incorrectly across reason-
ing steps. The key difficulty is therefore not only
whether relevant evidence is available, but whether
intermediate answers remain grounded as they are
passed from one step to the next. A bridge entity
recovered at an earlier step may become the anchor
of a later relation; if that dependency is lost, the
model can produce a fluent answer supported by a
passage that is nevertheless attached to the wrong
entity. We refer to this class of failures as Reason-
ing Chain Hallucination (RCH): one or more inter-
mediate steps in an apparently coherent multi-hop
chain are not supported by the evidence assigned to
them. RCH is distinct from token-level hallucina-
tion (Ji et al., 2023): the surface chain may be fluent
and factually plausible, while the dependency con-
necting its steps is ungrounded. Figure 1 shows
that the required evidence can already be present
while evidence-only generation still attaches a later
relation to the wrong intermediate entity.

The distinction between evidence availability
and chain correctness is important. Retrieving an
answer-bearing passage does not establish that the
model has followed the relations required by the

question. In multi-hop settings, evidence must be
attached to the correct intermediate variables and
used under the dependencies established by earlier
steps. This motivates a Retrieve–Verify–Generate
(R-V-G) formulation: retrieved evidence should not
directly determine generation, but should first be or-
ganised into an explicit reasoning structure whose
intermediate dependencies can be grounded and
checked. Existing decomposition systems leave
part of this problem open: IRCoT and ReD-RAG
do not ground every sub-answer against a cited
passage; ChainRAG focuses on preserving the an-
chor entity between hops; LAG relies on LLM self-
judgement; and LogicRAG prunes context without
an explicit slot-level grounding decision.

Inspection of our system’s grounded-rejection
signals on three benchmarks yields four recur-
ring reason codes—answer-not-supported (437
cases on HotpotQA, 257 on MuSiQue), anchor-
not-supported (225 on HotpotQA, 154 on 2Wiki-
MultiHopQA), evidence-not-in-passage (111 on
HotpotQA, 408 on MuSiQue), and constraint-not-
supported (a few dozen across datasets). The domi-
nant code shifts from answer support on HotpotQA
to anchor support on 2WikiMultiHopQA and span
alignment on MuSiQue, suggesting a structured,
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dataset-dependent failure family rather than undif-
ferentiated residual error.

We introduce GROUNDRAG, an evidence-
verified framework built on a lightweight token-
free tri-graph (Zhuang et al., 2026) of passages,
sentences, and entities. GroundRAG acquires evi-
dence for latent intermediate variables, represents
their dependencies as typed slots, and grounds, re-
pairs, or rejects the resulting chain before gener-
ation. A chain guides final generation only when
it has sufficient grounded coverage; otherwise the
system falls back to generation from retrieved evi-
dence alone. Our contributions are threefold:

• We identify and operationalise Reasoning
Chain Hallucination as a failure mode of
multi-hop RAG in which apparently coher-
ent intermediate reasoning is not supported by
the retrieved evidence. We characterise RCH
through four grounding failure codes and anal-
yse how their distributions vary across bench-
marks.

• We introduce GROUNDRAG, an R-V-G
framework for multi-hop reasoning that ac-
quires evidence for intermediate steps, rep-
resents their dependencies with typed slots,
checks each step against retrieved passages,
repairs unresolved dependencies using veri-
fied intermediate answers, and falls back to
evidence-only generation when the chain can-
not be sufficiently grounded.

• We evaluate GroundRAG on three multi-hop
benchmarks and provide mechanism-level
analyses of grounding rejection, targeted re-
pair, retrieval coverage, and residual errors.

2 Related Work

Multi-hop RAG has been approached from two
largely independent directions: building structured
indexes over the corpus, and decomposing the ques-
tion into sub-questions resolved one by one. We
summarise both, then turn to self-verification, the
closest neighbour to our own verification stage.

Graph-based RAG. Graph-based RAG induces
a structure over the corpus and propagates evidence
across hops. RAPTOR (Sarthi et al., 2024) clus-
ters passages into a hierarchical summary tree, and
Microsoft GraphRAG (Edge et al., 2024) organ-
ises knowledge through community-based sum-
marisation. G-Retriever (He et al., 2024) learns

a graph neural network on text–graph alignments;
LightRAG (Guo et al., 2025) reduces construction
cost via dual-level retrieval; LinearRAG (Zhuang
et al., 2026) further drops to a token-free tri-graph
that incurs no LLM cost. HippoRAG (Gutiérrez
et al., 2024) and HippoRAG 2 (Gutiérrez et al.,
2025) apply Personalised PageRank with NER-
anchored seeds, motivated by cognitive analogies;
GFM-RAG (Luo et al., 2025) replaces the pipeline
with a single graph foundation model. GraphRAG-
Bench (Xiao et al., 2026) documents the brittleness
of these systems on domain-specific multi-hop rea-
soning. GroundRAG uses a lightweight token-free
graph as an evidence substrate rather than treating
graph traversal itself as the main contribution. Its
main departure comes after evidence is acquired:
intermediate variables are made explicit, their de-
pendencies are preserved across hops, and each
instantiated step is checked against its supporting
passages. The graph therefore serves chain con-
struction, while GroundRAG asks whether the re-
sulting chain is grounded well enough to guide
generation.

Decomposition-based multi-hop RAG. A par-
allel line decomposes q into sub-questions and
interleaves sub-question resolution with retrieval.
IRCoT (Trivedi et al., 2023) interleaves chain-of-
thought sentences with retrieval rounds, but does
not explicitly ground each step against a cited pas-
sage. ReD-RAG (Chen et al., 2025) formalises
decomposition with rewriting markers and trains a
dedicated decomposer on a curated dataset. Chain-
RAG (Zhu et al., 2025) preserves anchor enti-
ties between hops through entity completion and
sentence-graph retrieval. LAG (Xiao et al., 2025)
adds a logical self-judgement terminator, while
LogicRAG (Chen et al., 2026) constructs a depen-
dency DAG at inference time and prunes context.
GroundRAG is complementary to these systems:
it uses a lightweight graph as an evidence sub-
strate, then combines typed dependencies, passage-
addressed grounding reason codes, targeted repair,
and an explicit fallback when the proposed chain
remains unsupported.

Self-verification in RAG. Self-RAG (Asai et al.,
2024) interleaves reflection tokens into genera-
tion, training the model to flag whether each re-
trieved chunk is relevant and whether each gen-
erated segment is supported. The mechanism is
end-to-end and parametric—answer and verifica-
tion come from the same model, so calibration of
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the reflection tokens is an empirical property of that
model. GroundRAG’s grounding routine differs
in being rule-based, non-circular with the verifier
(an unsupported verified status is rejected by the
recheck even when the verifier is confident), and
producing categorical reason codes that drive the
targeted-repair loop. The two approaches operate
at different layers and are not mutually exclusive;
we leave their combination to future work.

3 GroundRAG: Evidence-Verified
Multi-Hop Reasoning

3.1 Overview
GroundRAG treats multi-hop question answering
as the construction and validation of evidence-
grounded intermediate variables. Given a question
q, the system first acquires candidate evidence that
can instantiate the required reasoning steps. It then
represents those steps as a typed dependency chain,
where the answer of one slot may become the an-
chor of another. Each instantiated slot is checked
against its cited passage. Unsupported slots re-
turn to evidence acquisition through queries formed
from already verified answers, and only chains with
sufficient grounded coverage are allowed to guide
final generation. Figure 2 summarises this flow.

The evidence index is a Tri-Graph following Lin-
earRAG (Zhuang et al., 2026). Given a corpus P ,
sentences S are obtained by punctuation-based seg-
mentation and entities E by lightweight NER (Hon-
nibal et al., 2020). The graph G = (V,E) has three
node types and two adjacency matrices: passage–
entity incidence C ∈ {0, 1}|P|×|E| and sentence–
entity weights M ∈ R|S|×|E|

≥0 ,

Cij = 1[ej ∈ pi],

Mℓj = tf-idf(ej , sℓ),
(1)

where pi ∈ P , sℓ ∈ S, and ej ∈ E ; 1[·] is the
indicator function. Construction uses no LLM calls
and scales linearly with corpus size. The graph
is an evidence index; the typed chain introduced
below defines the reasoning structure.

3.2 Evidence Acquisition for Chain
Construction

This stage combines complementary evidence sig-
nals, latent intermediate-variable recovery, and
provenance-weighted propagation. Together they
return the passages and graph-mapped intermedi-
ate variables needed to instantiate slots and form
targeted repair queries.

Complementary evidence signals. We initial-
ize the evidence state from explicit entity matches,
semantic matches, and entities observed in the ini-
tially retrieved context. Explicit-match evidence
Eexp is extracted from q via NER and matched
to E by surface form, with optional top-K em-
bedding expansion at threshold 0.7. Semantic-
match evidence Esem contains entities e satisfying
cos(ϕ(q), ϕ(e)) ≥ τs, where ϕ is the all-mpnet-
base-v2 encoder (Song et al., 2020) and τs = 0.85
is fixed across datasets. For context-derived evi-
dence, we dense-retrieve the top-3 sentences under
ϕ and collect their entities in Ectx. Their union
Einit = Eexp ∪ Esem ∪ Ectx initializes propaga-
tion; the provenance weights below control the
contribution of each source.

Latent intermediate-variable recovery. One
evidence-conditioned expansion pass recovers in-
termediate variables that are absent from q. PPR
with Einit returns the top-K passages, an LLM
proposes entities needed to continue the reasoning
path, and candidates that map to graph entities form
Elat. A variable previously supported only by se-
mantic matching is promoted when it is recovered
from context. The resulting variables are passed to
typed chain construction rather than treated as final
answers.

Provenance-weighted propagation. We assign
provenance-dependent restart weights to the evi-
dence signals:

w(e) =





1.0 e ∈ Eexp ∪ Elat,

0.4 e ∈ Esem \ (Eexp ∪ Elat),

0.2
e ∈ Ectx\
(Esem ∪ Eexp ∪ Elat),

0 otherwise,

π(e) =
w(e)∑

e′∈E w(e
′)
.

(2)

Here π is the PPR restart distribution. The three
provenance levels preserve the implementation’s
priority order, and all non-seed entities receive zero
restart mass. Hyperparameters are fixed on a Hot-
potQA held-out subset and used unchanged on the
other datasets. Together, complementary signals,
intermediate-variable recovery, and provenance-
weighted propagation produce the passages and
entities used for chain construction.

7080



Evidence-Verified Multi-Hop Reasoning on Lightweight Graphs 

Typed Dependency Chain

TYPED DEPENDENCY CHAIN (EXAMPLE)

director

C₂

Morten Tyldum

birthplace

C₃

Bergen

type: city

country

C₄

Norway

type: person

type: country

ANSWER

⑤ Grounding Checks

GROUNDING 

CHECKS 

(R1–R4) 

PER SLOT

R1 Answer Support

R2 Anchor Support

R3 Evidence Alignment

R4 Constraint Check

C₁

... The Imitation Game 

was directed by 

Morten Tyldum ...

C₂

VERIFIED ✓

Evidence: P₁

C₃

UNRESOLVED ×

Evidence: P₂

... Benedict Cumberbatch 

was born in London ...

In which country was 

the director of 

The Imitation Game born?

Entity

Passage Sentence

... The Imitation Game was 

directed by Morten Tyldum ...

... Benedict Cumberbatch 

was born in London ...

... Bergen is a city in Norway ...

... 

issue: R2 anchor-not-supported

C₄

PENDING Waiting for C₃

depends on C₂

⑥ Targeted Repair Loop

Unresolved 

Slot C₃
Use Verified 

Answers

(from C₁)

Targeted Query 

Generation

q: “Morten Tyldum    

     birthplace”

Retrieve New 

Evidence

P₄: ... Morten Tyldum 

was born in Bergen ...

Re-check & 

Re-ground

C₂ verified ✓

C₃ verified with P₃:

... Bergen is a city 

in Norway ...

Repair uses verified intermediate answers to form targeted queries and re-verify the affected slot.

ACCEPTANCE GATE

Coverage

( ρ ≥ ρ_min )

LLM 

Generation

FINAL ANSWER

Norway

ACQUIRE
Evidence over Lightweight Tri-Graph

STRUCTURE
Typed Dependency Chain

GROUND
Verify Every Link (R1–R4 per slot)

GENERATE
Chain-guided  / Evidence-only

TOP-K RETRIEVED 

EVIDENCE

1 2 3 4

LIGHTWEIGHT TRI-GRAPH

TOP-K RETRIEVED EVIDENCE

INPUT QUESTION

···

P₁

P₂

P₃

Morten 

Tyldum

type: person

Bergen

type: place

Norway

type: location

span: ... directed by 

Morten Tyldum 

VERIFIED ✓

Evidence: P₁

UNRESOLVED ×

required anchor: Morten Tyldum

≠ evidence anchor: Benedict 

Cumberbatch

PENDING

Waiting for C₂

CHAIN REJECTED —

Evidence-only

Fallback

TARGETED REPAIR LOOP (≤ 2 ROUNDS)

1 2 3 4 5

STARTING ANCHOR

The 

Imitation Game

type: film

C₁ C₂ C₃

Figure 2: Overview of GroundRAG. Evidence acquisition over a lightweight tri-graph supplies passages and latent
intermediate variables for a typed dependency chain. Grounding checks and targeted repair determine whether that
chain can guide generation; otherwise GroundRAG generates from the retrieved evidence without the chain.

3.3 Constructing a Verifiable Reasoning
Chain

Given the acquired evidence, a planner repre-
sents the reasoning process as typed slots c =
(c1, . . . , cT ). Here T is the actual number of
planned slots, with T ≤ Tmax, and each slot is

ci = (ai, ri, τi,Di). (3)

Here ai is the anchor, ri the relation, τi the ex-
pected answer type, and Di the set of predecessor
slots. These correspond directly to the implemen-
tation fields anchor, relation, expected_type,
and depends_on. The type vocabulary is finite,
with τi ∈ T :

person organization place
location date number
entity type expanded-name

Dependencies are encoded with placeholders
⟨s1⟩, ⟨s2⟩, . . . and parsed into a DAG. If ci ∈ Dj ,
the verified answer to ci replaces the placeholder
that anchors cj . This makes the transfer of inter-
mediate answers explicit and prevents a later step
from silently switching to another entity in the con-
text. The type field constrains the expected an-
swer space and checks dependency substitution.
The final slot is marked is_final = True, and its
type must match the wh-form of q (e.g., “who” ac-
cepts {person, organization}); a mismatch triggers
one plan-level repair. The chain is therefore an
evidence-addressable structure rather than a free-
form chain-of-thought trace.

3.4 Grounding, Repair, and Chain Acceptance
Slot verification. For each slot ci, the verifier
LLM receives candidate passages Ci from evidence
acquisition and returns

vi = (zi, âi, di, ξi, γi), (4)

where zi is the status, âi the proposed answer, di
the cited passage identifier, ξi the evidence span,
and γi the confidence. The status zi is one of ver-
ified, unresolved, or conflicting. Whether the pro-
posal is grounded is determined only by the subse-
quent deterministic recheck.

Deterministic grounding recheck. Every veri-
fied proposal is rechecked against its cited passage
without another LLM call. Four reason codes iden-
tify failures. (R1) answer-not-supported: the pro-
posed answer or required relation lacks lexical sup-
port in the cited text. (R2) anchor-not-supported:
the concrete anchor tokens are not supported by the
text. (R3) evidence-not-in-passage: the returned
evidence cannot be aligned to the passage. (R4)
constraint-not-supported: for applicable date or
number slots, an explicit year constraint is not pre-
served by the supporting text. The implementation
normalises case, whitespace, and punctuation and
allows bounded token-overlap/fuzzy matching; it
does not require raw-string identity. A failed slot is
demoted to unresolved with its reason code. This
local recheck is deterministic and non-circular with
the verifier, but it is a structural grounding test
rather than a general semantic-entailment model.
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Targeted repair and re-verification. Let U be
the unresolved slots. For each ci ∈ U , verified
predecessor answers replace placeholders ⟨sj⟩ in
anchori and evidence_queryi. The resulting tar-
geted query retrieves ktgt = 8 additional sen-
tences, after which the affected slots are verified
and grounded again. We run at most Rmax = 2
rounds. Substitution is type-checked: an answer of
type person, for example, cannot fill a dependency
that requires a date. Repair therefore follows de-
pendencies already established by grounded steps
instead of restarting from the original question.

Chain-coverage reranking. Let χi(p) = 1
when passage p contains grounded evidence for
slot ci, and 0 otherwise. Candidate passages are
re-ranked by

score(p) = wbaserPPR(p) + wcov

T∑

i=1

χi(p), (5)

where rPPR is the converged evidence-acquisition
score. We set wbase = 1.0 and wcov = 1.5. This
term favours a compact context that covers more
of the chain while retaining the base ranking. The
top n = 8 passages form the final context.

Conservative gate. After recheck, let gi = 1 if
slot ci is both verified and grounded, and 0 other-
wise. The grounded-slot rate is

ρ =
1

T

T∑

i=1

gi. (6)

The implementation calls every planned slot whose
dependency order is at or before that of the final
slot a critical dependency; all such slots must be
verified and grounded. A chain is accepted only
when the final slot is grounded, every critical de-
pendency passes this check, and ρ ≥ ρmin = 0.67.
Otherwise the system falls back to generation from
the evidence-acquisition context without the slot
plan. The gate makes verification a condition on
chain use rather than a demand that every proposed
chain be accepted.

3.5 Verified Generation
When a chain passes the acceptance criterion, the
generator receives q, the verified anchors, relations,
types, intermediate answers, and the top-n support-
ing passages. The prompt renders the dependency
chain as a numbered plan and constrains the re-
sponse to the type of the final slot. If the chain

is rejected, the plan is omitted and the generator
receives only q and the evidence-acquisition pas-
sages, matching the configuration without chain
verification in Section 4.3. Verification thus gates
chain-guided reasoning; it does not block evidence-
only generation.

4 Experiments

We evaluate GroundRAG on three multi-hop QA
benchmarks against baselines covering direct LLM
inference, dense RAG, graph-based RAG, and
decomposition-based RAG. The experiments ad-
dress three questions. Q1 (Overall accuracy):
How does GroundRAG compare with existing
multi-hop RAG systems? Q2 (Pipeline attribu-
tion): How much do evidence acquisition for
chain construction and grounded chain verification
contribute? Q3 (Verification necessity and be-
haviour): Do errors remain when answer-bearing
evidence has already been retrieved, and how does
GroundRAG respond to unsupported intermediate
steps? Cost and residual-error analyses provide sup-
porting context. Full tables appear in Appendix A.

4.1 Experimental Setup

Datasets. We evaluate on HotpotQA (Yang et al.,
2018), 2WikiMultiHopQA (2Wiki) (Ho et al.,
2020), and MuSiQue (Trivedi et al., 2022). The
first two are mostly two-hop; MuSiQue contains
up to four-hop chains and is substantially harder.
Following HippoRAG (Gutiérrez et al., 2024) and
LinearRAG (Zhuang et al., 2026), we sample 1,000
validation queries per dataset for a fair comparison.
Corpus sizes are 1,311 / 2,309 / 1,354 passages.

Baselines. Four categories: (i) direct LLM
inference (LLaMA-8B, LLaMA-13B, GPT-3.5-
turbo, GPT-4o-mini); (ii) vanilla dense RAG
with Top-k ∈ {1, 3, 5}; (iii) graph-based RAG—
KGP (Wang et al., 2024), G-Retriever (He
et al., 2024), RAPTOR (Sarthi et al., 2024),
E2GraphRAG (Zhao et al., 2025), LightRAG (Guo
et al., 2025), HippoRAG (Gutiérrez et al., 2024),
HippoRAG 2 (Gutiérrez et al., 2025), GFM-
RAG (Luo et al., 2025), and LinearRAG (Zhuang
et al., 2026); and (iv) decomposition-based IR-
CoT (Trivedi et al., 2023) and LogicRAG (Chen
et al., 2026). We run the latter two with the same
1,000 questions, corpora, Top-5 evidence budget,
and GPT-4o-mini backbone; IRCoT uses its strict
Top-5 profile on 2Wiki. We additionally evaluate
GroundRAG without chain verification, retaining
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Table 1: Main results (%). Best in bold, second-best underlined. † indicates GroundRAG significantly outperforms
the strongest prior baseline at p < 0.05 (n = 1,000, two-proportion z-test).

HotpotQA 2Wiki MuSiQue

Method LLM Contain LLM Contain LLM Contain

Direct LLM inference
LLaMA-8B 27.3 31.1 16.2 33.6 8.1 7.4
LLaMA-13B 16.8 24.2 10.5 21.9 4.4 3.3
GPT-3.5-turbo 43.2 33.4 31.0 28.7 21.9 10.3
GPT-4o-mini 40.2 38.9 31.4 36.3 15.8 13.6

Vanilla dense RAG
Top-1 49.1 46.3 31.7 36.6 21.1 17.8
Top-3 56.0 53.0 39.7 44.9 27.5 25.1
Top-5 58.6 55.7 43.0 48.6 29.6 26.1

Graph / structured RAG
KGP 60.9 61.5 30.0 31.6 30.1 25.6
G-Retriever 40.6 42.2 27.1 46.6 15.5 14.4
RAPTOR 58.3 55.9 42.1 50.1 27.4 23.3
E2GraphRAG 63.9 61.0 38.1 54.3 26.2 23.8
LightRAG 59.5 60.3 39.0 55.2 28.6 27.4
HippoRAG 59.3 57.0 59.9 66.1 24.1 29.3
GFM-RAG 65.6 62.7 59.6 66.8 34.6 29.9
HippoRAG 2 64.3 62.9 55.0 62.7 35.0 31.0
LinearRAG 66.5 64.3 63.7 70.2 37.0 33.9

Decomposition-based RAG
IRCoT (Trivedi et al., 2023) 55.6 51.8 51.5 55.2 30.9 26.5
LogicRAG (Chen et al., 2026) 57.6 52.0 58.7 62.1 31.5 26.3

Ours
GROUNDRAG 73.8† 63.1 69.2† 74.8 44.3† 38.6

the same evidence-acquisition stage and evidence-
only generation. Other published baseline numbers
follow the shared HippoRAG/LinearRAG protocol.

Metrics. We report two metrics over n = 1,000
samples per dataset. LLM-Acc (primary): a judge
LLM (GPT-4o-mini) decides semantic equivalence
with the gold answer. Contain-Acc: the predicted
answer string contains the gold after lower-casing
and whitespace normalisation. For uncertainty and
significance analyses, we estimate 95% confidence
intervals by bootstrap with Nboot = 10,000 re-
samples (seed 42) for our predictions and Wilson
intervals for baselines without per-sample predic-
tions. Significance between two methods is as-
sessed by a two-proportion z-test; † marks results
where GroundRAG significantly outperforms the
strongest prior baseline at p < 0.05.

Implementation. GroundRAG uses all-mpnet-
base-v2 (Song et al., 2020) for embeddings, GPT-
4o-mini for latent-entity recovery, verification, and
generation, and spaCy (Honnibal et al., 2020) for
Tri-Graph NER. Hyperparameters are fixed across
datasets: τs = 0.85, αhi/αmd/αlo = 1.0/0.4/0.2,
Tmax = 4, Rmax = 2, ρmin = 0.67, wcov = 1.5,
and n = 8. On 2Wiki, a lightweight GPT-4o-mini
router predicts the four question types from ques-
tion text alone with 97.4% accuracy. Questions
predicted as compositional use GroundRAG, while
the remaining types use the configuration without
chain verification; this automatic routing yields the

reported 69.2% LLM-Acc.

4.2 Main Results (Q1)

Table 1 compares GroundRAG with four categories
of baselines. Two observations follow.

Obs. 1: GroundRAG attains the highest LLM-
Acc on all three datasets, with statistically sig-
nificant gains over LinearRAG. GroundRAG
reaches 73.8% / 69.2% / 44.3%, against Linear-
RAG’s 66.5 / 63.7 / 37.0, for gains of +7.3, +5.5,
+7.3 (p = 4 × 10−4, 1 × 10−2, 9 × 10−4).
The largest gain is on the hardest benchmark
(MuSiQue), consistent with the hypothesis that
RCH scales with reasoning depth: each additional
hop is an additional opportunity for the planner or
reader to drift, and verification matters more.

Obs. 2: HotpotQA Contain-Acc drops while
LLM-Acc rises—a typed-answer length effect,
not a regression. GroundRAG’s Contain-Acc on
HotpotQA is 63.1, below the configuration without
chain verification (69.5). Table 2 provides one ex-
planation: typed slot generation shortens predicted
answers from 26.3 tokens to 17.6, which is con-
sistent with reduced incidental substring overlap.
On MuSiQue, a similar shortening (40.9 → 24.3
tokens) co-occurs with a Contain-Acc increase, so
answer length alone does not determine the metric
change.

We therefore treat LLM-Acc as the more faithful
indicator for multi-hop correctness; Contain-Acc
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Table 2: Predicted vs. gold answer length (avg. tokens) and the corresponding ∆Contain-Acc relative to the
configuration without chain verification.

Dataset Evidence-only GroundRAG ∆ Gold ∆Contain

HotpotQA 26.3 17.6 −33% 15.1 −6.4
2Wiki 27.6 23.5 −15% 14.1 +1.7
MuSiQue 40.9 24.3 −41% 17.0 +3.2

Table 3: Consecutive contributions to the grounded-chain pipeline (LLM-Acc, %).

Configuration HotpotQA 2Wiki MuSiQue

Basic graph evidence retrieval 62.2 60.5 33.2
+ Evidence acquisition for chain construction 70.1 66.5 40.3
+ Grounded chain verification (GroundRAG) 73.8 69.2 44.3

is reported for backward compatibility with prior
work.

4.3 Component Attribution (Q2)

Obs. 3: Evidence acquisition and chain verifi-
cation contribute consecutively. Starting from
basic graph evidence retrieval, evidence acquisi-
tion raises LLM-Acc by 7.9/6.0/7.1 points on Hot-
potQA, 2Wiki, and MuSiQue. It supplies the pas-
sages and latent variables required to instantiate
a multi-hop chain. Once that chain is formed,
grounding, repair, and chain acceptance add a fur-
ther 3.7/2.7/4.0 points. These increments should
not be read as retrieval performance versus rea-
soning performance: the first determines whether
the required intermediate variables can be instan-
tiated, while the second determines whether those
variables and their dependencies are grounded well
enough to guide generation.

4.4 Additional Analyses

We first test whether verification remains useful
after answer-bearing evidence has been retrieved,
then report mechanism behaviour, retrieval cover-
age, cost, and residual errors.

Answer-bearing evidence does not eliminate
chain errors. We retain questions for which at
least one of the five passages supplied by the con-
figuration without chain verification contains the
normalised gold-answer string. This diagnostic
is answer-string coverage, not official supporting-
passage recall. It leaves 935 HotpotQA, 849
2Wiki, and 670 MuSiQue questions. Even on
these subsets, the system without chain verifica-
tion answers 29.1%, 31.4%, and 47.0% incorrectly.
GroundRAG raises conditional LLM-Acc from
70.9% to 74.9% on HotpotQA and from 68.6% to

71.3% on 2Wiki; on MuSiQue the change is small
(53.0% to 53.3%). Thus, answer availability alone
does not ensure that the required dependencies are
followed, although the size of the verification ben-
efit varies by dataset.

Chain-verification behaviour. On HotpotQA,
the LLM verifier marks 83% of slots verified, while
66% remain verified after deterministic grounding;
the corresponding changes are 80%→57% on the
2Wiki compositional subset and 70%→ 49% on
MuSiQue. The gap indicates that verifier confi-
dence and structural evidence support are not in-
terchangeable. The external recheck complements
model self-evaluation by testing answer, anchor,
span, and explicit-constraint support against cited
text. The dominant reject reason also shifts across
datasets: R1 leads on HotpotQA, R2 on 2Wiki,
and R3 on MuSiQue. Appendix A.2 reports repair,
coverage, fallback, and reason distributions.

Retrieval coverage. Under the implementation’s
normalised gold-answer-string criterion, Recall@5
improves by +1.4, +1.1, and +4.7 points over
the configuration without chain verification. The
largest gain is on MuSiQue, where targeted repair
issues more queries for deeper chains. Detailed
Recall@{1, 3, 5, 10} values and the metric defini-
tion are in Appendix A.1.

Efficiency. Obs. 6: The verification stage adds
16–19× token cost over retrieval alone, translat-
ing to $0.22–$0.25 per newly-correct answer. The
trade favours applications where wrong answers
carry downstream cost; the full cost decomposition
is in Appendix A.3.

Residual errors and case study. Obs. 7: A man-
ual examination of 53 errors on MuSiQue indicates
that roughly 1 in 5 stems from judge strictness
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(13.2%) or gold-label ambiguity (7.5%) rather
than model behaviour, contextualising absolute ac-
curacy numbers; the remaining 79.2% map onto
the failure taxonomy of Section 3.4, with 39.6%
falling under categories that grounded chain verifi-
cation addresses. Appendix A.5 provides illustra-
tive cases of two complementary chain-grounding
failures: an anchor mismatch that propagates
through dependent slots, and an unsupported inter-
mediate answer that is rejected before downstream
reasoning.

5 Conclusion

We introduced GroundRAG to address Rea-
soning Chain Hallucination in multi-hop RAG.
GroundRAG follows R-V-G by requiring retrieved
evidence to pass explicit chain-level grounding be-
fore it can guide generation. Evidence acquisition
supplies the entities and passages needed to con-
struct the chain; grounding and targeted repair de-
termine whether the resulting chain is supported
well enough to use. When it is not, GroundRAG
generates from the retrieved evidence without forc-
ing an unsupported reasoning path.

GroundRAG reaches 73.8%, 69.2%, and 44.3%
LLM-judged accuracy on HotpotQA, 2WikiMul-
tiHopQA, and MuSiQue. Our analysis identi-
fies substantial errors even when answer-bearing
passages are already available, as well as many
verifier-accepted slots that fail explicit ground-
ing checks. These results suggest that multi-hop
RAG should be evaluated not only by whether
it retrieves answer-bearing evidence, but also by
whether the dependencies built from that evidence
remain grounded.

Limitations

GroundRAG has three main limitations. (1) Plan-
ner and verifier dependence. The typed chain
is produced by GPT-4o-mini, so an incorrect plan
can prevent otherwise useful evidence from being
connected. The deterministic recheck tests struc-
tural lexical support; it is not a general semantic-
entailment model and may reject valid paraphrases
or accept a passage with the right words but the
wrong relation.

(2) Retrieval diagnostic. Our Recall@k anal-
ysis treats a passage as relevant when it contains
the normalised gold-answer string. This supports
the answer-present analysis in Section 4.4, but it is
not official supporting-passage recall and does not

show that every required fact has been retrieved.
(3) Verification cost. Planning, slot verification,

and repair add substantial inference cost. Distilling
reason-code prediction and grounding decisions
into a smaller specialised verifier is a promising
way to reduce this overhead while retaining an ex-
ternal check on the generated chain.
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A Additional Experimental Analyses

This appendix reports the full tables and analyses
summarised in Section 4.4.

A.1 Answer-String Retrieval Coverage
Recall@5 improves on all three benchmarks (+1.4,
+1.1, +4.7), with the largest gain on the deepest
dataset, consistent with targeted repair issuing more
queries on harder chains. The Recall@1 drop on
HotpotQA and MuSiQue is also consistent with
chain-coverage reranking (Section 3.4), which can
move a passage covering several slots ahead of a
locally stronger single-slot passage. We use this
metric only as an answer-bearing-context diagnos-
tic; it does not establish that all gold supporting
passages have been retrieved.

A.2 Grounded Chain Verification Behaviour
Obs. 4: Verifier approval and passage ground-
ing differ substantially. On HotpotQA, 83% of
slots receive a verified status from the LLM verifier,
but 66% remain verified after grounding recheck.
The gap widens on harder corpora (2Wiki composi-
tional: 80 → 57; MuSiQue: 70 → 49). These rates
show that a plausible answer and justification can
still fail a structural check against the cited passage.
The result motivates using an external deterministic
check alongside model self-evaluation; it does not
claim to replace semantic-entailment verification.

Obs. 5: The dominant grounding-reject rea-
son shifts across datasets. On HotpotQA,
R1 answer-not-supported dominates (437 occur-
rences), followed by R2 anchor-not-supported
(225). On the 2Wiki compositional subset, R2
leads (154), ahead of R1 (61). On MuSiQue, R3
evidence-not-in-passage dominates (408), ahead of
R1 (257). The changing modal reason suggests
that RCH is a structured, dataset-dependent failure
family rather than a single undifferentiated error
category.

A.3 Cost Decomposition
Obs. 6: GroundRAG is 16–19× more expen-
sive than retrieval alone in raw tokens, but
$0.22–$0.25 per newly-correct answer. The
verification-and-repair pipeline runs additional
LLM calls for planning, verification, and (when
triggered) repair. We do not contest the absolute
cost—it is the price of running an LLM as a veri-
fier rather than only as a generator. The question
is whether the cost is well-spent. On HotpotQA,

GroundRAG answers 37 additional questions cor-
rectly for an additional $7.98, i.e. $0.22 per newly-
correct answer; on MuSiQue, 40 additional correct
answers for $10.10, i.e. $0.25. For applications
where wrong answers carry downstream cost, this
trade is favourable; for throughput-bound deploy-
ments it is not.

A.4 Error Analysis on MuSiQue

Obs. 7: Roughly 1 in 5 remaining MuSiQue
errors stems from sources outside model rea-
soning, informing how absolute accuracy num-
bers should be interpreted. We manually exam-
ined the 53 errors GroundRAG makes on a uni-
form random sample of 100 MuSiQue questions.
Table 7 maps the annotated classes onto the fail-
ure taxonomy from Sections 3.4 and 3.2. Two
patterns emerge. First, 20.8% of remaining fail-
ures arise from sources unrelated to the model:
judge strictness on paraphrased answers (13.2%)
and gold-label ambiguity in MuSiQue itself (7.5%).
This proportion contextualises absolute numbers on
MuSiQue—a substantial share of the gap to 100%
reflects evaluation artifacts rather than model be-
haviour. Second, 39.6% of errors fall under an
RCH category that grounded chain verification is
designed to address, consistent with the gate’s fall-
back rate of ∼ 43% when the MuSiQue chain can-
not be grounded.

A.5 Illustrative Case Studies of Reasoning
Chain Hallucination

A.5.1 Anchor Drift and Cascading
Dependency Error

This illustrative case extends Figure 1 by one de-
pendency. The question asks, “What is the capital
of the country where the director of The Imitation
Game was born?” The intended schema is Film
→ Director → Birthplace → Country → Capital,
with gold answer Oslo. Table 8 shows how an in-
correct intermediate binding can propagate through
later relations even when every downstream fact is
locally supported.

Anchor drift is not confined to the affected slot.
Once an incorrect intermediate value is substituted
into downstream dependencies, later relations can
remain individually well supported while the over-
all reasoning chain becomes incorrect. Here c3
directly depends on c2, and c4 depends on it indi-
rectly; repairing c2 prevents the error from propa-
gating through both.
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Table 4: Recall@k under the implementation’s normalised gold-answer-string criterion. A retrieved passage is
counted as relevant when it contains the normalised gold answer; this is not official supporting-passage recall.

Dataset / Method R@1 R@3 R@5 R@10

HotpotQA Evidence-only 36.7 80.5 93.5 93.5
HotpotQA GroundRAG 26.6 74.3 94.9 95.2
2Wiki Evidence-only 42.1 74.6 84.9 84.9
2Wiki GroundRAG 42.4 77.4 86.0 86.1
MuSiQue Evidence-only 19.9 52.4 67.0 67.0
MuSiQue GroundRAG 15.3 52.4 71.7 73.6

Table 5: Internal behavioural metrics of grounded chain verification. 2Wiki numbers are over the n = 413
compositional subset, since verification is invoked only on that question type. Other columns are over n = 1,000.

Metric HotpotQA 2Wiki (comp.) MuSiQue

Avg. slots per question 2.32 2.00 2.40
Verified slot rate (pre-grounding) 0.83 0.80 0.70

after grounding reject 0.66 0.57 0.49
Repair invocation rate 0.42 0.49 0.61
Avg. repair rounds (when invoked) 0.81 0.95 1.16
Final slot coverage rate 0.81 0.75 0.64
Conservative-gate fallback rate 0.23 0.38 0.43

A.5.2 Unsupported Intermediate Slot
A contrasting illustrative R1 case asks, “Which
country is the composer of The Imitation Game
from?”, with gold answer France. A cited film-
context passage states that The Imitation Game is
a 2014 historical drama directed by Morten Tyl-
dum and starring Benedict Cumberbatch, so it sup-
ports the anchor but does not identify the composer.
For c1 = (film, composer, person), the model may
propose the plausible name Hans Zimmer while
citing this passage. Because neither that answer
nor the required composer relation is supported,
the deterministic recheck returns R1: answer-not-
supported. Targeted retrieval then finds that the
score was composed by Alexandre Desplat; a sec-
ond passage identifies him as a French composer,
grounding c1 and c2 = (⟨s1⟩, nationality, location)

and yielding France ✓.

Obs. 8: Reasoning-chain errors can arise either
from incorrect dependency binding or from un-
supported intermediate answers. In the anchor-
drift example, locally valid evidence is attached to
a competing person entity, and the resulting value
propagates through downstream dependencies un-
less intercepted. In the R1 contrast case, the an-
chor is preserved but the proposed intermediate
answer itself lacks support in the cited passage.
GroundRAG addresses both at the slot level: R2
detects mismatched anchors, while R1 rejects un-
supported answers or relations before they are al-
lowed to guide later reasoning. These illustrative
cases do not exhaust the RCH taxonomy; R3 and
R4 remain defined and evaluated separately.
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Table 6: Cost. Costs are calculated using the GPT-4o-mini API pricing available on May 21, 2026 ($0.15/$0.60 per
million input/output tokens). “Cost / new-correct” = (cost difference vs. the configuration without chain verification)
/ (additional correct answers under LLM-Acc).

Dataset / Method Prompt Completion Total $ Cost / new-correct

HotpotQA Evidence-only 2.85M 175K 0.53 –
HotpotQA GroundRAG 53.6M 764K 8.51 $0.22
MuSiQue Evidence-only 2.87M 212K 0.56 –
MuSiQue GroundRAG 67.4M 924K 10.66 $0.25

Table 7: Failure taxonomy on MuSiQue (53 erroneous answers in a uniform random sample of 100 questions).
“Addressable by” indicates which component of the system would resolve the failure if it worked perfectly.

Annotated class Maps to Count % of errors

Incomplete evidence acquisition Evidence acquisition 17 32.1
Reader hallucination R1 answer-not-supported 10 18.9
Wrong bridge entity R2 anchor-not-supported 4 7.5
Planning failure Typed-slot / anti-compression 7 13.2
Partial recall / mis-ranked Chain-coverage rerank 4 7.5

Evaluation noise — (LLM-judge limitation) 7 13.2
Annotation ambiguity — (dataset issue) 4 7.5

Model-addressable subtotal 42 79.2
Annotation / metric noise (non-model) 11 20.8

Table 8: Illustrative case study of cascading anchor error. A locally valid birthplace fact is initially attached to the
wrong intermediate person; without dependency verification, the resulting value propagates through subsequent
slots. GroundRAG detects the anchor mismatch, performs targeted repair, and prevents the error from contaminating
downstream dependencies.

Question What is the capital of the country where the director of The Imitation Game was born?
Gold Answer Oslo
Retrieved evidence P1: “. . . The Imitation Game was directed by Morten Tyldum and stars Benedict Cumberbatch

. . . ”
P2: “. . . Morten Tyldum was born in Bergen . . . ” P3: “. . . Bergen is a city in Norway . . . ”
P4: “. . . Benedict Cumberbatch was born in London . . . ” P5: “. . . the capital of Norway is
Oslo . . . ”
P6: “. . . London is the capital of the United Kingdom . . . ”

Intended schema Film → Director → Birthplace → Country → Capital

Without Chain Verification
Dependency path The Imitation Game → Morten Tyldum ✓ 99K anchor drift to Benedict Cumberbatch →

London → United Kingdom → London
Prediction × London; the downstream facts are locally valid, but they inherit the wrong intermediate

person

GroundRAG
Typed plan c1 = (film, director, person,∅)

c2 = (⟨s1⟩, birthplace, place, {c1})
c3 = (⟨s2⟩, country, location, {c2})
c4 = (⟨s3⟩, capital, place, {c3}), with c4 final

c1 verified The Imitation Game → Morten Tyldum ✓
c2 initial proposal ⟨s1⟩ = Morten Tyldum, but proposes London from P4
Grounding decision R2: anchor-not-supported; P4 supports Benedict Cumberbatch → London, not Morten

Tyldum → birthplace
Targeted repair Substitute the verified c1 answer and retrieve “Morten Tyldum + birthplace”
c2 verified Morten Tyldum → Bergen ✓
c3 verified Bergen → Norway ✓
c4 verified Norway → Oslo ✓
Critical dependencies c3 directly and c4 indirectly depend on c2; all are grounded after repair
Gate (ρ) 4/4 = 1.00 ≥ ρmin = 0.67; critical dependencies grounded; chain accepted
Prediction ✓ Oslo

7089


