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Abstract

Large language models (LLMs) have shown
strong reasoning capabilities in knowledge
graph question answering (KGQA), yet their
predictions are not always supported by explicit
and verifiable reasoning paths. Existing meth-
ods often retrieve or generate plausible candi-
date paths, but path plausibility alone does not
establish that a prediction actually depends on
the retrieved evidence. To address this issue,
we propose FBV-KGQA, a forward-backward
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verification framework for reliable and inter-
pretable KGQA. FBV-KGQA first derives exe-
cutable reasoning paths through relation-level
planning and evaluates their forward support
for candidate answers. It then identifies critical
entity and relation pivots and applies schema-
constrained counterfactual perturbations to as-
sess their influence on model predictions. Re-
verse questions are subsequently constructed
from candidate answers to verify whether they
can be consistently traced back to the original
question entity. Finally, an adaptive selection
strategy integrates forward support, counterfac-
tual effects, and backward consistency. Exper-
iments on WebQSP and CWQ show competi-
tive performance against representative KGQA
baselines, while human evaluation indicates im-
proved traceability, clarity, and usefulness of
the resulting reasoning paths.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable generative capabilities and multi-step
reasoning abilities across a wide range of natural
language processing tasks (Jiang et al., 2026; Sui
et al., 2025). However, despite their strong perfor-
mance in language understanding and generation,
LLMs remain susceptible to factual hallucinations,
where the generated answers may be inconsistent
with factual knowledge or even entirely fabricated
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Figure 1: Failure modes of existing KGQA.

(Guan et al., 2024; Sansford et al., 2024). Such hal-
lucinations undermine the reliability of LLM-based
question answering, particularly when answers are
expected to be supported by explicit factual evi-
dence (Gonzalez et al., 2025).

Knowledge graphs (KGs) provide structured fac-
tual knowledge in the form of explicit entities and
relations, making them particularly suitable for
grounding LLM-based question answering (Luo
et al., 2024). By organizing knowledge as explicit
triples, KGs allow candidate reasoning paths be-
tween question entities and potential answers to be
retrieved and inspected during multi-hop inference
(Li et al., 2025). These structured paths provide
traceable factual evidence and make it possible to
examine the entities and relations involved in multi-
hop reasoning (Wu et al., 2025). Moreover, the
relational structure of KGs also provides explicit
constraints for reasoning over intermediate entities
and relations in complex questions (Wang and Yu,
2026).

Existing LLM-based knowledge graph ques-
tion answering (KGQA) methods mainly retrieve
question-relevant graph structures or iteratively ex-
plore reasoning paths over KGs. Retrieval-based
methods retrieve question-relevant triples or sub-

6845

Proceedings of the 2026 Conference on Empirical Methods in Natural Language Processing, pages 6845-6863
October 24-29, 2026 ©2026 Association for Computational Linguistics



graphs as external evidence for LLM generation
(Peng et al., 2025), but they may miss intermediate
entities or relations needed for complex multi-hop
reasoning (Sui et al., 2025). Agent-based meth-
ods use LLMs to iteratively explore KG paths and
select subsequent entities or relations (Shen et al.,
2025), producing explicit reasoning traces at the
cost of repeated LLM-KG interactions and poten-
tial error propagation (Xiao et al., 2026).

Despite these advances, several challenges re-
main, as illustrated in Figure 1. First, from the
perspective of reliability, the generated answer is
not necessarily derived from an explicit reasoning
path. Existing candidate paths may appear plausi-
ble at a surface level, but cannot truly verify the
correctness of the answer. Second, from the per-
spective of interpretability, even when candidate
paths are provided, existing methods often struggle
to identify which entities or relations play a critical
role in the final answer, resulting in a reasoning pro-
cess that lacks transparency and traceability (Shah
et al., 2024).

To address the above challenges, we pro-
pose FBV-KGQA, short for Forward-Backward
Verification for Knowledge Graph Question
Answering. FBV-KGQA is a cognitively in-
spired KGQA framework that follows a forward-
derivation and backward-verification mechanism.
Specifically, given a question and its linked starting
entity, FBV-KGQA first generates relation-level
plans and executes them over the KG to construct
candidate reasoning paths. The retained paths are
evaluated according to their relevance to the ques-
tion and their forward support for candidate an-
swers. FBV-KGQA then identifies critical entity
and relation pivots and applies schema-constrained
counterfactual perturbations to assess how changes
to these pivots affect the prediction. Next, reverse
questions are constructed from candidate answers
to check whether they can be consistently traced
back to the original question entity. Finally, for-
ward support, counterfactual effects, and backward
consistency are integrated to rank candidate an-
swers and determine the final answer set. The main
contributions of this work are summarized as fol-
lows:

* We propose FBV-KGQA, a forward-backward
verification framework that derives executable
KG paths in the forward direction and verifies
candidate answers through backward consis-
tency checking.

* We introduce a logical-pivot attribution mod-
ule that identifies critical entities and relations
and uses schema-constrained counterfactual
perturbation to assess path reliability.

* Experiments on WebQSP and CWQ demon-
strate the effectiveness of FBV-KGQA, with
further analyses confirming its reliability and
interpretability.

2 Related Work

Existing KGQA methods with LLMs mainly follow
semantic parsing, retrieval-augmented reasoning,
and agent-based graph exploration paradigms. Se-
mantic parsing methods translate natural language
questions into executable logical queries over KGs
(Banerjee, 2023; Bai et al., 2023), while retrieval-
augmented methods retrieve relevant triples or sub-
graphs as external evidence for answer generation
(Xu et al., 2024; Luo et al., 2024, 2025). Recent
LLM-based approaches further construct query-
specific subgraphs or iteratively explore reasoning
paths over KGs, such as GraphRAG (Touvron et al.,
2025), RAS (Jiang et al., 2026), FiDeLiS (Sui et al.,
2025), RWT (Shen et al., 2025), and KG-Reasoner
(Wang and Yu, 2026). These methods improve
structured reasoning, but still face challenges in
verifying whether retrieved or generated paths gen-
uinely support the final answer.

Another related line focuses on LLM inter-
pretability and attribution reasoning. Prompting
methods such as CoT (Wei et al., 2022) and ToT
(Yao et al., 2023) elicit intermediate reasoning
steps, but these steps are not necessarily grounded
or verified. Recent work incorporates structured
evidence for factual verification and attribution,
including StructGPT (Jiang et al., 2023a), GraphE-
val (Sansford et al., 2024), Think&Cite (Li and
Ng, 2025), and atomic fact decomposition meth-
ods (Yan et al., 2025). In contrast to these stud-
ies, FBV-KGQA verifies candidate KG paths from
both forward and backward directions, and further
uses logical-pivot counterfactual attribution to as-
sess whether critical entities and relations affect the
predicted answer. A more detailed discussion of
related work is provided in Appendix E.

3 Method

Existing KGQA methods typically follow a path
retrieval and answer generation paradigm, but the
retrieved paths may not faithfully support the gen-
erated answer and can instead serve as superficial

6846



Input Forward Path Generation
. Relation Path Planning
IZ‘ Question 1= written_by, place_of birth
o) Which city was the 1,= starring, place_of birth
[ % writer of Inception 13= music_by, place_of birth
born in?

Candidate Paths

Knowledge Graph

by
QY™ -
O Christopher Leonardo Hans
\ $ Nolan Dicaprio Zimmer
O /v place_ place_ place_
N : O of birth|  of birth|  of birth
1 London oS Frankfurt
€start Angeles
O — O — O P1 P2 P3
Path initial score
Entity link @)

q = X1 ®pian Planning consistenc
Eq = Inception pean g Y
+ A2¢e;  Relation relevance

€start = Inception + A3(en Entity constraint coverage

Pivot Analysis Backward Verification

Select pivots Rewrite reverse question
Inception =» written_by =» Emma Thomas

- place_of birth & London 9 = p1 > alp)

3

Reverse question g~
Which filim was written by
a person born in London?
Consistency check

(T (£ (maion

counterfactual perturbation

Pl Inception =» produced by => Emma
1 Thomas -» place_of birth = London

p'e Inception =» written_by = Jonathan=»
g place_of birth = London

oz} G —f=ren

Forward support F(p) = P(a(p)|q,p)
Path reliability score

. . (
Causal Validation Answer Score eﬁ
London 0.87 @
Path conditional answer probability
& P(ylp) Los Angeles 0.41
_—g L Frankfurt 0.26 )
&
Final Answer
London Los Angeles Frankfurt
y = London

Path causal effect CE(p)

Figure 2: Overview of the FBV-KGQA framework.

post-hoc explanations. To address this issue, we
propose a Forward-Backward Verification frame-
work for Knowledge Graph Question Answering,
as shown in Figure 2.

FBV-KGQA follows a forward derivation and
backward verification mechanism. It first performs
relation path planning and executable path querying
from the question entity to obtain candidate paths
and answers. It then identifies critical relations
and intermediate entities in each path, and applies
schema-constrained counterfactual perturbations to
test whether these logical pivots affect the LLM
output. Finally, FBV-KGQA rewrites each candi-
date answer into a reverse question and requires the
LLM to select an answer from the entities in the
current path. A path passes backward verification
if the selected entity returns to the original main
entity esart-

3.1 Forward Path Querying
3.1.1 Relation Path Planning

The goal of relation path planning is to convert the
question semantics into relation-level query plans,
which guide subsequent executable path retrieval
over the KG.

Given a question ¢, the entity linking module
identifies the question entity set &;, where the main
entity is denoted as egtart € . The entity egpars 1S
used as the query starting point, while the remain-
ing entities serve as constraints for path filtering.

Given q and eggq,4, the LLM generates a set of re-
lation path plans £ = {¢1,0s,...,{N}, where N
is the number of generated plans, and each /¢; is a
relation sequence. For example, given the question
Which city was the director of film A born in?, the
LLM may generate the plan director — place of
birth, indicating that the system should first query
the director of the film and then query the director’s
birthplace.

3.1.2 Plan-Guided Path Querying

Since LLM-generated relation descriptions may
differ from canonical KG relation names, we first
align each planned relation with KG relations by
selecting semantically similar relation labels. After
alignment, executable paths are retrieved by start-
ing from the main entity egar¢ and following the
planned relation order in the KG. Paths that can
be successfully executed are retained as candidate
reasoning paths:

P= U Retrieve(estart, £i, G), (M

el

where Retrieve(-) denotes KG path retrieval
guided by a relation path plan.

For example, given the plan director — place of
birth, the system first retrieves relations semanti-
cally matching director from the film entity, and
then retrieves relations matching place of birth
from the resulting director entity. If the resulting
path is executable, it is added to P.
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3.1.3 Candidate Path Filtering

To retain high-quality candidate paths, we compute
an initial score for each retrieved path by consid-
ering its consistency with the LLM-generated rela-
tion plan, semantic relevance to the question, and
coverage of question entities. For a candidate path
p = (€0, 71,€1,- ., m,€n) and its corresponding
relation plan ¢ = (71,79,...,7), the planning
consistency is defined as

m

Gplan(p) = % Z 08 (fenc(7); fenc(r5)) 2)
j=1

where fenc denotes the text encoder. This term mea-
sures the semantic consistency between planned
relations and executable KG relations.

The question-path relation relevance is com-
puted as

¢re1 (p) = % Z COs (fenc (Q), fenc (TJ')) . (3)
j=1

Let £(p) = {eo,e1,...,en} denote the entity
set of path p. The entity constraint coverage is
defined as

bon(p) = g 3 Ue € £ @

e€&y
The overall initial path score is then given by
d(p) = M dplan(p) + A2¢rel(p) + Asdent(p),  (5)

where )1, A2, and A3 are nonnegative weights. Can-
didate paths with higher ¢(p) are retained for sub-
sequent attribution verification and backward ver-
ification, ensuring that the selected paths are con-
sistent with both the LLM plan and the semantic
constraints of the question.

3.2 Logical-Pivot Attribution
3.2.1 Logical Pivot Identification

To make candidate paths explainable, we identify
logical pivots that play critical roles in determining
the reasoning direction or the final answer. Logical
pivots are divided into two types: critical relation
pivots and critical entity pivots.

For each candidate path p =
(e0,71,€15- -y Tm,€m), we define a(p) as
the path-conditioned answer entity predicted by
the LLM given the question ¢ and the path p. Each
relation 7 is scored by considering its relevance to
the question, proximity to the candidate answer,
and relation information content:

Sr(rj;p,q) = a1sr(q,75) + azp(rj, a(p)) + asl(r;), (6)

where a1, ag, and a3 are nonnegative weights. The
definitions of s,.(¢,7;), p(r;,a(p)), and I(r;) are
provided in Appendix A. The relation with the high-
est score is selected as the critical relation pivot:

r* = argmax S, (r;p, q). @)
TiED

For entity pivots, we exclude the starting entity
and the path-conditioned candidate answer, since
replacing either of them would conflate path attribu-
tion with changes to the question entity or answer
entity. The candidate entity pivot set is defined as

Epivor (p) = E(p) \ {eo, a(p)}. ®

Each candidate entity e; € Epivot(p) is scored by
combining its semantic relevance to the question,
its coverage of question constraints, and its connec-
tion to the candidate answer:

Se(ej;p,q) = B15e(q,e5) + P2C(e5) + BsA(e;), (9

where (31, £2, and 33 are nonnegative weights. The
definitions of s.(q, e;), C(e;), and A(e;) are given
in Appendix A. The entity with the highest score is
selected as the critical entity pivot:

e’ =arg max

e €Epivot (P)

Se(ej;p,q)- (10

If Epivot () 1s empty, only the critical relation pivot
is perturbed.

3.2.2 Schema-Constrained Counterfactual
Perturbation

Given the critical relation r* and critical entity e*,
we construct counterfactual paths by perturbing
these logical pivots under KG schema constraints.
The goal is to test whether changes to the selected
pivots lead to changes in the model prediction,
rather than introducing arbitrary or invalid path
modifications. To avoid spurious attribution, the
perturbation is restricted to type-compatible and
locally executable alternatives.

For relation perturbation, r* is replaced with a
semantically different relation whose domain and
range are compatible with those of the original re-
lation. For entity perturbation, e* is replaced with
a type-compatible entity, while preserving the ex-
ecutability of its adjacent relations whenever pos-
sible. If direct replacement does not yield valid
triples, we perform local reconnection within the
type-consistent candidate space.

For each candidate path p, the above opera-
tions produce a counterfactual path set P (p),
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which contains paths derived from relation-level
and entity-level perturbations. The output differ-
ence between the original path p and its counterfac-
tual variants is then used to estimate whether the
logical pivots have a causal influence on the pre-
dicted answer. A larger change indicates stronger
path dependence, while a smaller change suggests
that the path may provide only superficial support.

3.2.3 Path-Level Counterfactual Effect

To quantify whether a candidate path truly affects
model prediction, we compare the answer distribu-
tions under the original path and its counterfactual
variants. For the filtered candidate path set P, each
path produces a path-conditioned candidate answer
a(p). The candidate answer set is defined as

Y ={alp) |p € P} an

Given a path p and its counterfactual path set
Pet(p), the path-level counterfactual effect is com-
puted as

CBW) = s S

cf
PI@I St (12)
Dxr, (Pu(- | q,p) | Pu(- 1 q,p)) -

where Py (- | g, p) denotes the probability distribu-
tion over ) produced by the LLM M given ques-
tion ¢ and path p, and Dxr, denotes KL divergence.
A smoothing term is used to avoid zero probabili-
ties. A larger C E(p) indicates that perturbing the
critical pivots in p substantially changes the answer
distribution, suggesting stronger causal influence
on the model prediction. A smaller CE(p) indi-
cates that the model output is insensitive to the
pivots, and the path may be only superficially rele-
vant. The counterfactual effect evaluates whether
changing a logical pivot alters the prediction distri-
bution, thereby measuring functional contribution
rather than surface association.

We also compute the forward support score of
path p for its candidate answer:

F(p) = Pu(a(®) | q,p), 13)

where F'(p) measures whether the path directly
supports the candidate answer, while C E(p) mea-
sures whether the prediction depends on the path’s
critical pivots. The two scores are complementary
for assessing path reliability.

3.3 Reverse Verification

3.3.1 Reverse Question Construction

Although a candidate path may support an answer
after forward generation and counterfactual attri-
bution, this does not guarantee that the path is log-
ically self-consistent. To verify whether the can-
didate answer can be traced back to the original
question entity, we introduce a reverse question
rewriting mechanism.

Given the original question ¢ and the path-
conditioned candidate answer a(p), the LLM gen-
erates a reverse question ¢~ by treating a(p) as a
known condition and taking the main entity egart
as the target answer. This process is not a simple
reversal of the path. Instead, the reverse question
is constructed according to the semantics of ¢ and
the current candidate path. Therefore, backward
verification serves as a consistency check rather
than an additional retrieval process.

For example, given the question Which city was
the director of film A born in? and the forward path

A director B place of birth C', where C'is the candi-
date answer, the reverse question can be rewritten
as Which film has a director who was born in C?
The expected answer is the original main entity A.

To reduce rewriting hallucinations, the LLM is
constrained to use only the original question, the
candidate answer, and the entities and relations in
the given path. The reverse question is therefore
used not to introduce new knowledge, but to test
whether the candidate answer forms a consistent
backward inference relation with egtart.

3.3.2 In-Path Consistency Check

To avoid ambiguity caused by open-ended entity
generation, we formulate backward verification as
an in-path candidate selection task. Given the re-
verse question ¢, the model is required to select
an answer only from the entity set of the current
path, rather than freely generating an entity name.
In implementation, candidate entities are randomly
shuffled, and the model outputs only the selected
index to reduce position and formatting biases.

Let ¢ denote the entity selected by the model
under the reverse question ¢“~. The path passes
backward verification if the selected entity matches
the original main entity esayt:

Brcv(p) - 1[é<; - estart}- (14)
When B,y (p) = 1, the candidate answer can be

traced back to the question entity through the cur-
rent path. Otherwise, the path fails the backward
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consistency check and is not treated as a valid ex-
planatory path.

3.4 Adaptive Answer Selection
3.4.1 Path Reliability Scoring

To integrate different sources of evidence, we com-
pute a final reliability score for each candidate path.
This score simultaneously considers forward sup-
port, initial relevance, and counterfactual effect:

S(p) = w1 F(p) + w29(p) +wsCE(p), 15)

where F'(p) measures the degree to which the path
positively supports the candidate answer, ¢(p) mea-
sures the initial relevance between the path and the
question, and C'E(p) measures the counterfactual
sensitivity of the model output to the critical pivots
in the path. w;, we, and w3 are weight hyperpa-
rameters.

We regard paths that satisfy the forward support,
counterfactual effect, and backward verification
conditions as valid explanatory paths:

Puatia = {p € P | F(p) > iwa, CE(p) > Tee, Brew(p) = 1}

(16)
Here, 7¢,q denotes the forward support threshold,
and 7. denotes the counterfactual effect threshold.
Only paths included in Py );q are considered capa-
ble of providing reliable attribution explanations
for the final answer.

3.4.2 Adaptive Answer Selection

For each candidate answer y € ), we perform
weighted voting over all valid paths:

Vote(y) = > S(p)1fa(p) =yl (17)
PEPyalid
where a(p) denotes the path conditioned candidate
answer corresponding to path p. If multiple valid
paths support the same candidate answer, the voting
score of that answer increases accordingly.
To eliminate the effect of different numbers of
candidate paths across questions, we further nor-
malize the voting score of each candidate answer:

Vote(y)
> ey Vote(y') + €’

Conf(y) = (18)
where € is a smoothing term. Conf(y) denotes
the relative support strength of candidate answer y
among all valid explanatory paths for the current
question.

Instead of applying an additional fixed threshold
to the final answer confidence, we adopt a ranking-
gap-based strategy to determine the output answer

set. First, candidate answers are sorted in descend-
ing order according to their confidence scores:

Conf(y(1)) > Conf(y(g)) > -+ > Conf(ym)). (19)

Then, the relative confidence drop between adja-
cent candidate answers is computed as

_ Conf(y(;)) — Conf(y(it1))

AV
Conf(y;)) + €

., 1<i<n. (20

We treat the position with the most significant confi-
dence drop as the adaptive boundary of the answer
set:

k™ = arg max A 1)

The final answer set is defined as

Y = {ya), Y@y Yeke) }- (22)

This gap-based strategy avoids using a fixed an-
swer threshold and determines the number of out-
put answers according to the support distribution
of the current question.

4 Experiment

4.1 Experimental details

To evaluate the effectiveness of the proposed
method on knowledge graph question answering
tasks, we conduct experiments on two widely used
benchmark datasets, including WebQuestionsSP
(WebQSP) (Yih et al., 2016) and Complex We-
bQuestions (CWQ) (Talmor and Berant, 2018). We
further compare our method with 24 representative
baselines from six categories to comprehensively
assess its performance under different KGQA mod-
eling paradigms. Detailed dataset descriptions,
baseline settings, and evaluation metrics are pro-
vided in the Appendix C.

4.2 Results and Analysis
4.2.1 Overall Performance

Table 1 compares our method with different KGQA
baselines on WebQSP and CWQ. Our method
achieves 85.6% Hits@1 and 78.8% F1 on We-
bQSP, and 72.3% Hits@1 and 64.2% F1 on CWQ,
outperforming traditional representation learning,
retrieval-augmented, and semantic parsing based
methods. These results indicate that relying only
on entity-relation representations, local subgraph
retrieval, or executable query generation is insuffi-
cient for handling multi-hop constraints and path
reliability in complex KGQA, especially on the
more compositional CWQ dataset.
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Category Methods WebQSP cwQ
Hits@1 (%) Fl1 (%) Hits@1 (%) Fl1 (%)
KV-Mem (Miller et al., 2016) 46.7 34.5 184 15.7
EmbedKGQA (Saxena et al., 2020) 66.6 - 45.9 -
Embedding NSM (He et al., 2021) 68.7 62.8 47.6 424
TransferNet (Shi et al., 2021) 71.4 - 48.6 -
KGTS5 (Saxena et al., 2022) 56.1 - 36.5 -
GraftNet (Sun et al., 2018) 66.4 60.4 36.8 32.7
Retrieval PullNet (Sun et al., 2019) 68.1 - 45.9 -
SR+NSM (Zhang et al., 2022) 68.9 64.1 50.2 47.1
SR+NSM+E2E (Zhang et al., 2022) 69.5 64.1 49.3 46.3
SPARQA (Sun et al., 2020) - - 31.6 -
Semantic Parsin QGG (Lan and Jiang, 2020) 73.0 73.8 36.9 374
& ArcaneQA (Gu and Su, 2022) - 75.3 - -
RnG-KBQA (Ye et al., 2022) - 76.2 - -
Flan-T5-x1 (Chung et al., 2024) 31.0 - 14.7 -
Alpaca-7B (Taori et al., 2023) 51.8 - 274 -
LLMs LLaMAZ2-Chat-7B (Touvron et al., 2023) 64.4 - 34.6 -
ChatGPT 66.8 - 39.9 -
ChatGPT+CoT 75.6 - 48.9 -
KD-CoT (Wang et al., 2023) 68.6 52.5 55.7 -
. . UniKGQA (Jiang et al., 2023b) 77.2 72.2 51.2 49.1
Finet LLMs+KG
inetuning LEMSFRES  DECAF (DPR+FiD-3B) (Yu et al., 2023) 82.1 ; 70.4 -
RoG (Luo et al., 2024) 83.2 69.8 614 56.2
ToG (Sun et al., 2024) 81.8 76.0 68.5 60.2
Prompting LLMs+KGs  FiDeLiS (Sui et al., 2025) 84.4 78.3 71.5 64.3
Our method 85.6 78.8 72.3 64.2

Table 1: Comparison of FBV-KGQA with baseline methods on WebQSP and CWQ datasets. Prompting-based

LLM+KG methods are evaluated with gpt-4-turbo.

Compared with pure LLM-based methods, our
method also shows clear gains. ChatGPT+CoT ob-
tains 75.6% and 48.9% Hits@1 on WebQSP and
CWQ, while our method improves them to 85.6%
and 72.3%, respectively. This suggests that CoT
prompting can elicit explicit reasoning steps, but
lacks structured KG constraints and may still pro-
duce unverifiable answers. By combining LLM-
based relation planning, executable KG path query-
ing, counterfactual perturbation of logical pivots,
and reverse question verification, our method con-
verts open-ended generation into path-constrained
verification-oriented reasoning.

Against recent LLM+KG baselines, our method
remains competitive. Compared with RoG, it im-
proves Hits@1 and F1 by 2.4% and 9.0% on We-
bQSP, and by 10.9% and 8.0% on CWQ. Com-
pared with ToG, it improves Hits@1 by 3.8% on
both datasets. Compared with FiDeLiS, it improves
WebQSP Hits@1 and F1 by 1.2% and 0.5%, and
CWQ Hits@1 by 0.8%, while achieving compara-

CE Distribution on WebQSP CE Distribution on CWQ

—— Correct Paths
Wrong Paths

—— Correct Paths
Wrong Paths

/

/
/ /
: J

Density
Density

02 03 o 02 03 o
Causal Effect Score CE(p) Causal Effect Score CE(p)

Figure 3: Causal effect distributions of correct and
wrong reasoning paths.

ble F1 on CWQ. These improvements show that the
effectiveness of our method comes not only from
KG path retrieval, but also from verifying whether
candidate paths genuinely support the answer. By
testing the causal influence of critical entities and
relations and checking backward consistency with
the original question entity, our method filters out
superficially relevant paths and improves both an-
swer accuracy and interpretability.
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Variant WebQSP CWQ
Hits@1 (%) Fl1 (%) Hits@1 (%) Fl1 (%)

w/o Path Planning 72.1 65.3 56.6 50.2
w/o Initial Path Scoring 73.2 67.3 57.2 53.1
w/o Forward Path Support 69.6 60.1 51.2 44.8
w/o Causal Attribution 724 66.5 55.4 49.7
w/o Reverse Verification 75.8 68.4 60.1 55.5
Full method 78.3 75.8 64.9 59.9

Table 2: Ablation study of FBV-KGQA using gpt-3.5-turbo as the backend LLM.

4.2.2 Analysis of the Causal Effect Module

Figure 3 compares the path-level causal effect dis-
tributions of correct and incorrect paths on We-
bQSP and CWQ. The CE scores are smoothed by
kernel density estimation, where the horizontal axis
denotes the CE score and the vertical axis denotes
probability density. The blue and orange curves
correspond to correct and incorrect paths, respec-
tively.

Overall, correct paths exhibit a right-shifted CE
distribution with higher scores than incorrect paths.
This indicates that perturbing critical entities or re-
lations in correct paths causes larger changes in the
model’s answer distribution, suggesting stronger
causal influence on answer prediction. In contrast,
incorrect paths are mostly concentrated in the low-
score region, implying limited influence on the
output and weaker explanatory value.

The separation is more evident on WebQSP,
showing that CE can effectively distinguish sup-
portive paths from noisy ones in relatively simple
questions. On CWQ, the two distributions par-
tially overlap because some incorrect paths may
still contain question-relevant intermediate entities
or locally correct relations in complex multi-hop
settings. These results show that CE provides a
useful signal for path reliability estimation and sup-
ports the design of FBV-KGQA, which combines
forward support, causal attribution, and backward
verification.

4.2.3 Ablation Study

Table 2 reports the ablation results of FBV-KGQA
on WebQSP and CWQ. Removing any core module
consistently degrades performance, indicating that
path planning, initial path scoring, forward path
support, causal attribution, and backward verifica-
tion all contribute to the final results. Among them,
forward path support is the most critical compo-
nent: removing it reduces Hits@1 and F1 by 8.7%

Method Faithful Traceable Clarity Useful
FiDeLiS 70.0% 72.0%  76.0% 74.0%
FBV-KGQA 72.0% 78.0% 80.0% 80.0%

Table 3: Human evaluation of reasoning-path inter-
pretability on 50 sampled WebQSP questions.

and 15.7% on WebQSP, and by 13.7% and 15.1%
on CWQ, respectively. This shows that direct path
support for candidate answers is essential for reli-
able answer selection.

Path planning and initial path scoring also bring
clear gains by reducing irrelevant path expansion
and filtering weakly related paths. The larger drops
on CWQ suggest that complex multi-hop questions
are more sensitive to candidate path quality. In
addition, removing causal attribution decreases F1
by 9.3% on WebQSP and 10.2% on CWQ, con-
firming that path relevance and forward support
alone cannot reliably distinguish truly supportive
paths from superficial ones. Backward verification
further improves robustness by filtering paths that
score highly in the forward direction but cannot be
traced back to the original question entity. Overall,
the gains of FBV-KGQA come from the synergy
of these modules, with forward path support and
causal attribution contributing most to answer ac-
curacy and explanation reliability.

4.2.4 Interpretability Evaluation

To further evaluate the interpretability of the rea-
soning paths, we conduct a human evaluation on
50 sampled questions from WebQSP and compare
FBV-KGQA with FiDeLiS. As shown in Table 3,
the reasoning paths are evaluated from four com-
plementary dimensions. Faithful measures whether
a reasoning path provides valid support for the pre-
dicted answer. Traceable evaluates whether the
reasoning process can be followed through explicit
KG entities and relations. Clarity reflects how
clearly the reasoning path presents the inference
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Cost item WebQSP  CWQ
Retained paths/question 3 3
Avg. LLM calls/path 7.5 7.8
Avg. LLM calls/question 23.4 244
Avg. runtime/evaluated question 254 29.7s
Estimated tokens/question 5.5K 7.0K

Table 4: Computational cost of FBV-KGQA with
gpt-3.5-turbo as the backend LLM.

process. Useful assesses whether the path provides
informative evidence for understanding the final
prediction.

FBV-KGQA achieves higher scores than Fi-
DeLiS across all four dimensions. In particular,
traceability improves from 72.0% to 78.0%, while
usefulness increases from 74.0% to 80.0%. FBV-
KGQA also obtains gains in faithfulness and clar-
ity, reaching 72.0% and 80.0%, respectively. These
results suggest that explicitly verifying candidate
paths and identifying influential logical pivots can
improve not only answer reliability but also the
transparency of the reasoning process, making the
resulting paths easier to trace and more informative
for interpreting the final prediction.

4.2.5 Computational Cost Analysis

Table 4 reports the computational cost of FBV-
KGQA on WebQSP and CWQ. The additional over-
head mainly comes from the explicit verification
process. For each retained path, FBV-KGQA per-
forms forward path-conditioned answer scoring,
counterfactual scoring for the selected logical piv-
ots, and backward verification. Relation alignment
is implemented using embedding-based cosine sim-
ilarity and therefore does not introduce additional
LLM calls. With three candidate paths retained for
each question, FBV-KGQA requires an average of
23.4 and 24.4 LLM calls per question on WebQSP
and CWQ, respectively.

The average runtime is 25.4 seconds per ques-
tion on WebQSP and 29.7 seconds on CWQ, with
approximately 5.5K and 7.0K tokens consumed
per question. The slightly higher cost on CWQ
is mainly due to its longer and more composi-
tional reasoning paths, which require more coun-
terfactual evaluations. These results indicate that
FBV-KGQA introduces additional computational
overhead compared with methods relying only on
path retrieval or forward reasoning. This over-
head represents a trade-off for explicitly assessing
whether candidate paths support the predicted an-
swers through counterfactual attribution and back-

ward consistency verification.

4.2.6 Error Analysis

To better understand the remaining errors of FB V-
KGQA, we analyze representative failure cases and
identify two major error types: path scoring failure
and path retrieval failure. Table 10 in Appendix
F presents a path scoring failure for the question
“Who did Cam Newton sign with?” The correct
path leading to Carolina Panthers is successfully
retrieved as Path 3. However, its final score is
0.630, which is lower than the score of 0.669 as-
signed to the incorrect Path 2 leading to Auburn
Tigers football. Consequently, the model selects an
incorrect answer despite the presence of the correct
reasoning path. This case indicates that the cur-
rent reliability scoring mechanism may still have
difficulty distinguishing semantically plausible but
incorrect paths when multiple candidates share sim-
ilar relation structures.

Table 11 in Appendix F illustrates a path re-
trieval failure. For the question “What countries
are part of the UK?”, none of the retained can-
didate paths reaches the correct answer Northern
Ireland. Instead, the retrieved paths follow the re-
lation form_of _government and lead to countries
such as Canada, the Netherlands, and Antigua and
Barbuda. Since the correct constituent-country re-
lation is absent from the candidate set, subsequent
counterfactual attribution and backward verifica-
tion cannot recover the correct answer. This exam-
ple highlights the dependence of FBV-KGQA on
the quality of relation planning and candidate path
retrieval. Overall, these cases suggest that future
improvements should focus on more accurate can-
didate path construction and more discriminative
reliability scoring.

5 Conclusion

In this paper, we proposed FBV-KGQA, a forward-
backward verification framework for knowledge
graph question answering. FBV-KGQA derives ex-
ecutable reasoning paths in the forward direction,
verifies candidate answers through reverse ques-
tion rewriting, and uses logical-pivot-based coun-
terfactual attribution to assess path reliability. Ex-
periments on WebQSP and CWQ show that FBV-
KGQA achieves competitive performance over rep-
resentative KGQA baselines, demonstrating the
effectiveness of combining forward derivation with
backward verification for reliable and interpretable
KGOQA.
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Limitations

FBV-KGQA still has several limitations. It depends
on accurate entity linking and sufficient KG cover-
age, since missing entities or incomplete reasoning
paths may affect both forward derivation and back-
ward verification. In addition, the use of relation
planning, counterfactual attribution, and reverse
verification requires multiple LLM calls, leading to
higher computational cost. Finally, our evaluation
mainly focuses on WebQSP and CWQ, and further
experiments on larger and domain-specific KGs are
needed to assess its broader generalizability.
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A Details of Logical Pivot Scoring

This section provides the detailed computation
of relation and entity pivot scores used in Sec-
tion 3.2.1. Given a candidate path

p=1(€0,T1,€1, -, Tm,Em), (23)
the goal of logical pivot scoring is to identify the
relation and entity that contribute most critically
to the reasoning process and the path-conditioned
candidate answer a(p).

For each relation r; in path p, the relation pivot

score is computed as
Sr(rjip,q) = ause(q,75)+azp(r;, a(p))+asl(r;), 24)

where s,.(¢,7;) measures the semantic relevance
between the question and the relation, p(r;, a(p))
measures the structural proximity between the rela-
tion and the candidate answer, and /(r;) measures
the information content of the relation. The weights
a1, ag, and ag control the relative importance of
these three factors.

Specifically, the question-relation relevance is
defined as

Sr (Q7 Tj) = Cos (fenc(q), fenc(rj)) ) (25)

where fenc denotes the text encoder. This term
assigns higher scores to relations whose textual
semantics are more consistent with the question.

The proximity between relation r; and the can-
didate answer a(p) is defined as

1
- 1+ min (disty(e;-1, a(p)), disty(e;, a(p)))
(26)

p(rj, a(p)) ,
where dist), (-, -) denotes the distance between two
entities within path p. Since relation 7; connects
e;j—1 and e;, this term measures how close the re-
lation is to the candidate answer through its two
endpoint entities. A relation closer to a(p) usually
imposes a more direct constraint on the answer.

The information content of relation r is com-
puted as

freq(r) + ¢

I = -1
(r) 8 > er freq(r’) 4+ €R|’

27

where freq(r) denotes the frequency of relation
r in the knowledge graph, and € is a smoothing
term. Less frequent relations usually have stronger
discriminative power and therefore receive higher
information content scores.

For entity pivots, the starting entity and the path-
conditioned candidate answer are excluded from
the candidate set:

Epivor (p) = E(p) \ {eo, a(p)}. (28)

This avoids conflating path attribution with direct
replacement of the question entity or the predicted
answer entity.

For each candidate entity e; € Epivot(p), the
entity pivot score is computed as

Se(ejsp,q) = Prse(q, e5) + B2C(ej) + BsAle;), (29)

where s.(q, e;) measures the semantic relevance
between the entity and the question, C'(e;) mea-
sures the coverage of question-related entity con-
straints, and A(e;) measures the structural connec-
tion between the entity and the candidate answer.
The weights 51, 52, and 3 control the contribution
of these three factors.

The semantic relevance between the question
and entity e; is defined as

se(q,€5) = cos (fenc(q), fenc(e;)) - (30)

This term favors entities whose textual semantics
are more relevant to the question.

The entity constraint coverage score is defined
as

Cles) = 17 2 Udist(ey.e) < 8],

e€&y

€1V

where &, denotes the set of entities mentioned in
the question, distg(-, ) denotes the shortest-path
distance in the knowledge graph, and ¢ is a distance
threshold. This term measures whether the candi-
date entity is structurally close to the constraint
entities in the question.

The answer connection score is defined as

Alej) = L

= T+ disty (6, a(0)) G2)

This term assigns higher scores to entities that are
closer to the candidate answer within the current
path, since such entities usually provide more direct
structural support for answer determination.

Based on these scores, the critical relation pivot
and critical entity pivot are selected as

r* = argmax S,.(r;;p, q), (33)
T EDP
and
e =arg max Se(ej;p,q). (34)
€ €€pivot (P

When Epivot (p) is empty, only the critical relation
pivot is used for counterfactual perturbation.
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B Problem Definition

Given a knowledge graph G = (£, R, T ), where
& denotes the set of entities, R denotes the set of
relations, and 7 C £ x R x £ denotes the set
of triples. Each triple (h,r,t) € T represents a
relation r» € R between a head entity h € £ and a
tail entity t € £.

Given an input natural language question g, the
goal of KGQA is to identify answer entities in
the knowledge graph G that satisfy the semantic
constraints of the question. Since a question may
correspond to one or multiple correct answers, we
denote the gold answer set as

yrce. (35)
The model is required to predict an answer set
yce, (36)

such that ) is as close as possible to the gold an-
swer set V*.

Formally, KGQA can be formulated as a map-
ping from a question and a knowledge graph to a
set of answer entities:

f:(q,6) =Y, (37)

where Y denotes the answer set predicted by the
model. When the question has only one correct an-
swer, )J* degenerates into a singleton set. When the
question corresponds to multiple correct answers,
Y* contains all entities that satisfy the semantic
constraints of the question.

C Experimential Details

C.1 Datasets

To evaluate the reasoning ability of the proposed
method on knowledge graph question answering
tasks, we conduct experiments on two widely used
KGQA benchmarks: WebQuestionsSP (WebQSP)
(Yih et al., 2016) and Complex WebQuestions
(CWQ) (Talmor and Berant, 2018). Both datasets
use Freebase (Bollacker et al., 2008) as the fac-
tual knowledge source and cover different types of
questions, ranging from simple relation queries to
complex multi-hop reasoning.

¢ WebQuestionsSP (WebQSP) (Yih et al., 2016)
is a standard benchmark widely used in
KGQA research and contains 4,737 natural
language questions. Questions in WebQSP
typically start from a topic entity, and their an-
swers can be obtained through relation paths

of no more than two hops in Freebase. There-
fore, WebQSP is mainly used to evaluate
model performance in entity linking, relation
identification, and short-path reasoning sce-
narios.

* Complex WebQuestions (CWQ) (Talmor and
Berant, 2018) is a complex question answer-
ing dataset constructed based on WebQSP.
Compared with WebQSP, CWQ contains
richer compositional semantic structures, such
as constraints, entity expansion, and multi-
relation composition, making it more suit-
able for evaluating complex KG reasoning.
Answers in CWQ usually require reasoning
along multi-hop paths in Freebase, with the
longest reasoning distance reaching four hops.
Due to its more complex question structures
and longer reasoning chains, CWQ is com-
monly used to assess the generalization ability
of KGQA models in complex semantic under-
standing and multi-hop reasoning scenarios.

To further characterize the evaluation setting, we
report the distributions of answer counts and rea-
soning hops in Table 5 and Table 6, respectively.
These statistics show that the two benchmarks dif-
fer not only in question complexity, but also in the
number of valid answer entities.

C.2 Baselines

To comprehensively evaluate the effectiveness of
our method, we compare it with 24 representative
baselines. According to their modeling paradigms
and ways of using knowledge, these methods are
grouped into six categories: representation learning
based methods, retrieval-augmented methods, se-
mantic parsing methods, pure LLM-based methods,
fine-tuned LLMs with KGs, and prompting-based
LLMs with KGs.

1. Representation learning based methods.
These methods perform answer reasoning
over KGs mainly through continuous rep-
resentations of entities, relations, or ques-
tions. KV-Mem (Miller et al., 2016) stores
KG triples in a key-value memory network
and performs multi-hop reasoning by repeat-
edly reading memory slots. EmbedKGQA
(Saxena et al., 2020) formulates KGQA as a
sequential link prediction problem based on
entity and question representations. NSM (He
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Dataset #Ans=1 2< #Ans<4

5<#Ans <9 #Ans>10

WebQSP 51.2% 27.4%
CWQ 70.6% 19.4%

8.3% 12.1%
6.0% 4.0%

Table 5: Distribution of Answer Counts in WebQSP and CWQ.

Dataset 1-hop 2-hop > 3-hop

WebQSP  65.49% 34.51%  0.00%
CWQ 4091% 38.34%  20.75%

Table 6: Distribution of Question Hops in WebQSP and
CWQ.

et al., 2021) adopts a neural-symbolic reason-
ing mechanism and models multi-hop reason-
ing through sequential state transitions. Trans-
ferNet (Shi et al., 2021) uses graph neural net-
works to model the semantic associations be-
tween questions and entities in the graph, and
predicts answers based on graph-structured
information. KGT5 (Saxena et al., 2022) con-
verts KGQA into a text generation task by
fine-tuning a sequence-to-sequence model on
KGQA data to generate target answers.

. Retrieval-augmented methods. These meth-
ods usually construct a question-relevant local
subgraph from the KG and then perform an-
swer reasoning over the retrieved subgraph.
GraftNet (Sun et al., 2018) extracts a rele-
vant subgraph from the KG based on linked
entities in the question and predicts answers
using graph-structured information. PullNet
(Sun et al., 2019) further formulates sub-
graph construction as a learnable retrieval
process, where an LSTM and graph neu-
ral network based retriever incrementally ex-
pands the question-relevant candidate sub-
graph. SR+NSM (Zhang et al., 2022) pro-
poses a relation-path-based subgraph retrieval
strategy to obtain local graph structures better
suited for multi-hop reasoning, which are then
fed into a neural-symbolic reasoning model.
SR+NSM+E2E (Zhang et al., 2022) extends
this framework with end-to-end training, en-
abling the subgraph retriever and downstream
reasoner to be jointly optimized.

. Semantic parsing methods. Semantic parsing
methods typically translate natural language
questions into structured queries and execute
them over KGs to obtain answers. SPARQA
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(Sun et al., 2020) designs a grammar-based
framework for complex questions, using lan-
guage patterns to capture high-level semantic
structures and generate executable query ex-
pressions. QGG (Lan and Jiang, 2020) con-
structs query graphs aligned with question se-
mantics by incrementally expanding relation
paths and adding constraints. ArcaneQA (Gu
and Su, 2022) adopts a dynamic query gen-
eration mechanism that generates subsequent
queries based on intermediate results from pre-
vious reasoning steps, making it suitable for
multi-stage reasoning over complex questions.
RNG-KBQA (Ye et al., 2022) first enumerates
candidate query structures, then ranks and fil-
ters them to select the highest-scoring query
as the final output.

. Pure LLM-based methods. These methods

mainly rely on the language understanding,
instruction following, and reasoning capabili-
ties of LLMs, without explicitly introducing
structured KG reasoning. FLAN-T5 (Chung
et al., 2024) is obtained by multi-task instruc-
tion tuning based on the TS5 architecture and
shows strong generalization across natural lan-
guage tasks. Alpaca (Taori et al., 2023) is built
on LLaMA and fine-tuned with instruction-
following data to improve responsiveness to
user instructions. LLaMA2-Chat (Touvron
et al., 2023) is optimized for dialogue sce-
narios through supervised fine-tuning and re-
inforcement learning from human feedback,
making it suitable for interactive question an-
swering. ChatGPT is a closed-source LLM
with strong instruction understanding and
complex task execution capabilities. Chat-
GPT+CoT (Wei et al., 2022) further intro-
duces chain-of-thought prompting to elicit in-
termediate reasoning steps and improve per-
formance on complex questions.

. Fine-tuned LLMs with KGs. These methods

combine the semantic understanding and gen-
eration capabilities of LLMs with structured
knowledge from KGs to improve reasoning



reliability in complex KGQA tasks. KD-CoT
(Wang et al., 2023) retrieves question-relevant
knowledge from KGs and uses the structured
evidence to generate faithful reasoning plans
for LLMs, thereby guiding step-by-step rea-
soning. UniKGQA (Jiang et al., 2023b) inte-
grates graph retrieval and answer reasoning
into a unified framework, enabling knowledge
localization and answer prediction within
the same modeling process. DECAF (Yu
et al., 2023) combines semantic parsing with
LLM reasoning by jointly modeling structured
query generation and answer inference, im-
proving the model’s understanding and reason-
ing over complex questions. RoG (Luo et al.,
2024) integrates LLMs with KG-based struc-
tured reasoning, retrieving question-relevant
reasoning paths from KGs through planning,
retrieval, and reasoning stages, and then using
these paths to guide answer generation.

6. Prompting-based LLMs with KGs. These
methods inject structured knowledge from
KGs into LLMs mainly through prompting,
aiming to improve knowledge utilization and
reasoning ability in KGQA. ToG (Sun et al.,
2024) performs question reasoning by iter-
atively exploring multiple potential reason-
ing paths over the KG and aggregating evi-
dence retrieved from different paths, thereby
improving LLM performance in multi-hop
knowledge reasoning. FiDeLiS (Sui et al.,
2025) first uses Path-RAG to pre-select candi-
date paths, and then combines step-wise beam
search with a deductive scoring function to
guide LLMs in validating the reasoning pro-
cess. The search stops once the question be-
comes deducible, improving both factuality
and interpretability. For a fair comparison, all
prompting-based LLMs with KGs methods
reported in Table 1, use gpt-4-turbo models as
the backend LLM:s.

These categories cover traditional KGQA
paradigms, external knowledge retrieval based
QA frameworks, semantic parsing approaches for
logical-form generation, and recent LLM-centered
KGQA methods. Comparing with these diverse
baselines enables a systematic evaluation of our
method in KG reasoning, answer generation, and
complex question handling.

C.3 Evaluation Metrics

To ensure comparability with existing knowledge
graph question answering methods, we evaluate
model performance using Hits@1 and F1. Hits@1
focuses on the accuracy of the top-ranked predicted
answer, measuring the proportion of questions for
which the first-ranked candidate answer matches
the gold answer. Since some questions may have
multiple correct answers, relying solely on Top-1
accuracy may not sufficiently capture the model’s
ability to cover the complete answer set. Therefore,
we also report F1, which jointly measures the pre-
cision and completeness of the predicted answer
set with respect to the gold answer set.

C.4 Implementation Details

We evaluate the method on the full test sets of We-
bQSP and CWQ, which contain 1,628 and 3,531
questions, respectively. During relation planning,
we generate up to 6 candidate relation plans for
WebQSP and 8 for CWQ. The maximum reasoning
depth is set to 3 and 4, respectively, to accommo-
date the longer and more compositional reasoning
chains in CWQ. For each planning step, the top
3 aligned KG relations are retained for path ex-
pansion. After executable path retrieval and initial
path scoring, the top 3 candidate paths are pre-
served for subsequent forward support estimation,
logical-pivot counterfactual attribution, and back-
ward verification. These settings maintain a fixed
candidate-path budget while allowing a larger plan-
ning space for the more complex CWQ questions.

C.5 Prompts

Table 7 presents the prompt templates used for re-
lation path planning. The LLM is given the input
question and the starting entity and is instructed to
generate up to (N) relation-level reasoning plans.
Each plan consists of a sequence of concise rela-
tion descriptions that specifies a possible reasoning
direction from the starting entity toward the answer.
The output is constrained to a predefined JSON for-
mat to facilitate automatic parsing and subsequent
path retrieval.

D Comparison under Different Backbone
LLMs

Table 8 reports the performance of our method
with different backend large language models. As
shown in the table, the performance of FBV-KGQA
on both WebQSP and CWQ exhibits a stable
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Component Prompt template

Relation path planning - You are given a question and a starting entity in a knowledge graph.
- Generate up to {N} possible relation-level reasoning plans that can start from the entity and lead to
the answer.
- Each plan should be a sequence of short relation descriptions.
- Return only JSON in the following format: {"plans": [["relation 1", "relation 2"], ...]}. Question:
{question}. Starting entity: {starting_entity }.
Table 7: Prompt templates for relation planning and alignment.
WebQSP CW
Backend Models Q Q
Hits@1 (%) F1(%) Hits@1 (%) Fl (%)
LLaMA2-Chat-7B 69.8 60.9 55.2 47.7
Mistral-7B 74.2 70.5 61.1 55.5
gpt-3.5-turbo 78.3 75.8 64.9 59.9
gpt-4-turbo 85.6 78.8 72.3 64.2

Table 8: Performance over different LLMs

upward trend as the capability of the backend
model increases. On WebQSP, LLaMA2-Chat-
7B achieves 69.8% Hits@1 and 60.9% F1, while
using gpt-4-turbo improves the scores to 85.6%
and 78.8%, corresponding to gains of 15.8% and
17.9%, respectively. On CWQ, LLaMA2-Chat-7B
achieves 55.2% Hits@1 and 47.7% F1, whereas
gpt-4-turbo reaches 72.3% Hits@1 and 64.2% F1,
yielding improvements of 17.1% and 16.5%, re-
spectively. These results indicate that our method
does not rely on a single closed-source model and
can still achieve strong performance with an open-
source 7B model. Meanwhile, when the backend
model has stronger semantic understanding and rea-
soning capabilities, our method can further unlock
its potential for knowledge graph reasoning.

E Related Work

E.1 Knowledge Graph Enhanced LLM
Question Answering

Knowledge graph question answering leverages
structured knowledge graphs to support LLMs in
reasoning and answering questions. Traditional
KGQA methods mainly fall into two categories:
semantic parsing based methods and retrieval aug-
mented generation methods. Semantic parsing
based methods translate natural language questions
into executable queries and infer answers over KGs
(Banerjee, 2023). These methods offer strong inter-
pretability, but they are prone to failure when the
generated logical queries are not executable (Bai
et al., 2023). RAG methods retrieve relevant triples

from KGs as contextual evidence to assist LLMs
in answer generation (Xu et al., 2024). Although
such methods are more flexible, they may over-
look the importance of KG structures for reasoning,
especially relation paths in multi-hop question an-
swering (Luo et al., 2024, 2025).

Recently, GraphRAG (Touvron et al., 2025) and
RAS (Jiang et al., 2026) have proposed construct-
ing task specific or query specific subgraphs for
dynamic and structured retrieval and reasoning,
thereby addressing the inefficiency and noise in-
troduced by static global KGs. KG-Traces (Wu
et al., 2025) introduces supervision over reasoning
paths and attribution annotations, enabling LL.Ms
to generate interpretable reasoning processes with
or without access to KGs. FiDeLiS (Sui et al.,
2025) combines deductive verification with beam
search to improve both the verifiability and effi-
ciency of KG reasoning paths.

For multi-hop KGQA, KG-Reasoner (Wang and
Yu, 2026) and RWT (Shen et al., 2025) emphasize
the interaction between LLMs and KGs. They per-
form multi-hop knowledge retrieval and continuous
reasoning through iterative reasoning and graph
search, such as Monte Carlo Tree Search (MCTY),
thereby reducing the risk that early reasoning errors
propagate to subsequent steps. In the biomedical
domain, TripleCheck (Gonzalez et al., 2025) pro-
poses a post-hoc self organizing verification layer
that decomposes LLLM outputs into factual triples
and cross validates them against large biomedical
KGs, providing traceable evidence support.
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E.2 LLM Interpretability and Attribution
Reasoning

The interpretability of LLMs in complex multi-
hop reasoning remains limited. Early prompting
based methods, such as CoT (Wei et al., 2022)
and ToT (Yao et al., 2023), guide LLMs to gener-
ate intermediate reasoning steps through step by
step reasoning, but they lack factual verification
and attribution mechanisms. Related studies on
retrieval-augmented generation have also shown
that evidence relevance alone does not necessarily
imply answer-supporting utility, motivating utility-
aware evidence selection for more reliable genera-
tion (Wu et al., 2026). To mitigate hallucinations
and provide interpretable outputs, researchers have
incorporated structured facts from KGs into the
reasoning chains of LLMs (Jiang et al., 2023a).
GraphEval (Sansford et al., 2024) proposes a
KG based hallucination evaluation framework that
maps LLM outputs into structured triples and iter-
atively verifies their factuality, thereby providing
an interpretable mechanism for hallucination detec-
tion and correction. Think&Cite (Li and Ng, 2025)
combines self guided Monte Carlo Tree Search
(SG-MCTS) with progress reward modeling for at-
tributed text generation, enabling multi path and
attributable text outputs. Yan et al. (Yan et al.,
2025) propose an AQA retrieval and editing frame-
work based on atomic fact decomposition, which
decomposes long form answers into atomic facts
and verifies them against external evidence, en-
abling transparent answer revision and traceability.

FiDeLiS (Sui et al., 2025) integrates deductive
verification beam search (DVBS) into the LLM
generation process by embedding KG derived veri-
fiable reasoning steps, achieving a balance between
faithfulness and efficiency. RWT (Shen et al., 2025)
and KG-Reasoner (Wang and Yu, 2026) further
demonstrate the feasibility of graph constrained
reasoning, reinforcement learning, and backtrack-
ing mechanisms for multi-hop KG reasoning and
continuous interpretable output generation.

Overall, research on LLM-based KGQA and in-
terpretability exhibits three major trends: (1) lever-
aging structured facts in KGs to reduce hallucina-
tions and support multi-hop reasoning; (2) incor-
porating supervision or reinforcement learning to
enable explicit attribution and verification of rea-
soning paths; and (3) replacing static global KGs
with dynamic, query specific subgraphs to improve
efficiency and robustness. Nevertheless, existing

methods still face challenges such as early reason-
ing error propagation, incomplete KG coverage,
and high computational cost, which provide impor-
tant directions for future research.

F Case Study

Table 9 presents a representative example to illus-
trate how FBV-KGQA verifies candidate reasoning
paths. For the question “What was Jesse James
killed with?”, the system retrieves three candidate
paths. Paths 1 and 3 lead to Firearm, while Path 2
leads to Assassination. Although all three paths are
semantically related to the question, their reliabil-
ity cannot be determined solely from the retrieved
answers.

FBV-KGQA further evaluates these candidates
through counterfactual perturbation and reverse
verification. The critical relations in each path
are replaced with alternative relations to examine
whether the predicted answer depends on the origi-
nal reasoning structure. Reverse questions are then
constructed from the candidate answers to check
whether the reasoning can be traced back to the
original entity, Jesse James. After integrating for-
ward support, counterfactual effects, and backward
consistency, Paths 1 and 3 receive scores of 0.755
and 0.799, respectively, both supporting Firearm,
whereas Path 2 receives a lower score of 0.630. The
final prediction is therefore Firearm. This example
illustrates how the proposed verification mecha-
nism distinguishes between superficially plausible
candidates and paths that provide stronger support
for the final answer.
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Item

Content

Question

What was jesse james killed with?

Retrieval paths

[Path 1] Jesse James -[people.deceased_person.cause_of_death]-> Firearm

[Path 2] Jesse James -[people.deceased_person.cause_of_death]-> Assassination

[Path 3] Jesse James -[people.deceased_person.cause_of_death]-> Firearm -[common.topic.image]-> HK
USP 45

Counterfactual [Path 1] Jesse James -[award.award_discipline.awards_in_this_discipline]-> Firearm
perturbation
[Path 2] Jesse James -[architecture.structure.architectural_style]-> Assassination
[Path 3] Jesse James -[award.award_discipline.awards_in_this_discipline]-> Firearm -[common.topic.image]-
> HK USP 45
Reverse question  [Path 1] What person was killed with a firearm?
[Path 2] What person was assassinated?
[Path 3] What person was killed with a firearm, as depicted in an image of an HK USP 457
Score [Path 1] Firearm: 0.755
[Path 2] Assassination: 0.630
[Path 3] Firearm: 0.799
Answer Firearm
Table 9: Case study of forward-backward verification in FBV-KGQA.
Item Content
Question Who did cam newton sign with?

Retrieval paths

[Path 1] Cam Newton -[sports.pro_athlete.teams]-> m.Ohpgns;j -[sports.sports_team_roster.team]-> Florida
Gators football

[Path 2] Cam Newton -[sports.pro_athlete.teams]-> m.0z23kt0 -[sports.sports_team_roster.team]-> Auburn
Tigers football

[Path 3] Cam Newton -[sports.pro_athlete.teams]-> m.04nb7yn -[sports.sports_team_roster.team]-> Carolina
Panthers

Correct path [Path 3] Cam Newton -[sports.pro_athlete.teams]-> m.04nb7yn -[sports.sports_team_roster.team]-> Carolina
Panthers
Score [Path 1] Florida Gators football: 0.649
[Path 2] Auburn Tigers football: 0.669
[Path 3] Carolina Panthers: 0.630
Answer Auburn Tigers football
Table 10: Example of a path scoring failure in FBV-KGQA.
Item Content
Question What countries are part of the uk?

Retrieval paths

[Path 1] United Kingdom -[location.country.form_of government]-> Parliamentary system -
[government.form_of government.countries]-> Canada

[Path 2] United Kingdom -[location.country.form_of government]-> Parliamentary system -
[government.form_of government.countries]-> Netherlands

[Path 3] United Kingdom -[location.country.form_of government]-> Parliamentary system -

[government.form_of government.countries]-> Antigua and Barbuda

Correct path

United Kingdom -[contains / constituent_country / administrative_division]-> Northern Ireland

Correct answer

Northern Ireland

Our answer

Netherlands

Table 11: Example of a path retrieval failure in FBV-KGQA.
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