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Abstract

Knowledge graph reasoning (KGR) composes
multi-hop facts over KGs to support complex
knowledge-intensive tasks, providing reliable
external factual support for large language mod-
els (LLMs) and helping mitigate hallucinations.
However, building compact, faithful, and high-
quality contexts from large-scale KGs remains
challenging. We observe a non-monotonic re-
lationship between retrieval scale and reason-
ing quality: insufficient retrieval misses criti-
cal paths, while excessive retrieval introduces
redundant and noisy paths that burden LLMs
reasoning. Motivated by this observation, we
propose super-path ranking and constraint ver-
ification (SPaRC), an efficient framework that
constructs, ranks, and verifies super-paths be-
fore LLMs reasoning. SPaRC compresses re-
dundant paths into super-paths, ranks them with
contrastive learning to prioritize high-recall rea-
soning paths, and provides the LLM with the
top-ranked paths after constraint verification for
answer reasoning. Experiments on WebQSP
and CWQ show that SPaRC achieves state-of-
the-art performance, improving Hit@1 by up to
12.0 points and F1 by up to 5.9 points on CWQ.
On challenging settings covering deeper hop
reasoning, multiple topic entities, and multi-
answer questions, SPaRC further improves F1
on two benchmarks by up to 17.6% and 42.1%,
26.7% and 5.9%, and 10.4% and 79.4%, re-
spectively, while reducing reasoning tokens by
29.7% and retrieval time by 25%1.

1 Introduction

Large language models (LLMs) (OpenAI et al.,
2024; Guo et al., 2025) have demonstrated un-
precedented advantages in a wide range of natural
language processing tasks, owing to their strong
semantic understanding and reasoning capabili-
ties (Brown et al., 2020). However, in knowledge-
intensive tasks, LLM reasoning still heavily relies

1Our code is available here.

Figure 1: A motivation example of multi-hop KGR:
insufficient retrieval misses necessary paths, while over-
expanded retrieval introduces noisy paths that distract
LLM reasoning.

on static knowledge acquired during pre-training,
making LLMs vulnerable to outdated knowledge
and factual hallucinations, thereby limiting the reli-
ability and interpretability of LLMs responses (Pan
et al., 2024; Jiang et al., 2025b). Knowledge graphs
(KGs) organize factual knowledge in a structured
and updatable form and can ground LLMs reason-
ing in verifiable external facts (Jiang et al., 2025b;
Peng et al., 2025). Knowledge graph reasoning
(KGR) further composes multi-hop facts from KGs
to support complex knowledge-intensive tasks with
LLMs (Niu et al., 2026). However, effectively
exploiting large-scale KGs is non-trivial: the re-
trieved information must be sufficient to cover the
necessary reasoning facts, while remaining com-
pact enough to prevent redundant or noisy content
from distracting the LLMs reasoning and reducing
answer reliability (Lin et al., 2026; Liu et al., 2026;
Zhang et al., 2026b).

As shown in Fig. 1, the key to KGR lies in iden-
tifying a set of factual paths that are both sufficient
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and compact from a large-scale KG (Wang et al.,
2026). In Fig. 1(a), the blue region illustrates the
golden oracle subgraph required for the example
question, where the answer entity is obtained by
composing 1-hop and 2-hop query results over type,
location, and team-related paths. However, obtain-
ing such an ideal oracle subgraph is difficult in prac-
tice. The green region shows insufficient retrieval,
where missing necessary paths leave the reasoning
chain incomplete and may cause reasoning errors.
In contrast, the red region denotes over-expanded
retrieval, where the required paths are covered but
many irrelevant paths are also introduced, making
the context noisy and distracting LLMs reasoning.
Fig. 1(b) quantifies this trade-off: as the retrieval
scale increases, the recall curve rises but eventu-
ally plateaus, whereas precision drops significantly
due to the influx of redundant information, which
subsequently drags down the F1 score. For LLMs,
this accumulation of noise leads to the lost in the
middle phenomenon (Liu et al., 2024), where vital
paths are buried under irrelevant content, making
them harder to identify and use during reasoning.

This challenge naturally raises a broader ques-
tion: how LLMs should interact with KGs to obtain
and use KG facts for multi-hop reasoning. Existing
studies differ mainly in how LLMs are involved in
the interaction with KGs. When LLMs are placed
inside the retrieval loop, this study treats LLMs as
planning agents (Luo et al., 2024) to decompose
questions (Chen et al., 2024; Zhang et al., 2026b),
perform reflection before verification (Sun et al.,
2024; Zhao et al., 2026), and iteratively explore
facts (Yan et al., 2026) from KGs. This interaction
design is flexible, but repeated LLM calls incur
high latency and token costs, and stepwise deci-
sions from partial context may lack a global view,
leading to seemingly plausible but incomplete path
reasoning (Chen et al., 2026; Wang et al., 2026).
When LLMs are kept outside the retrieval loop,
lightweight retrievers can pre-extract candidate sub-
graphs or paths for one-time reasoning (Li et al.,
2025; Liu et al., 2025; Mavromatis and Karypis,
2025), improving efficiency but often introducing
reasoning-irrelevant noise due to insufficient align-
ment between question semantics and KG struc-
tural constraints (Xiao et al., 2026; Liu et al., 2026).
Therefore, the core challenge of KGR lies not in the
quantity of retrieved knowledge, but in construct-
ing a compact, faithful, and high-quality context
for LLMs reasoning (Yang et al., 2026). This mo-
tivates our investigation into how retrieval scope

influences the trade-off between key path recall and
noise accumulation.

These observations suggest that multi-hop KGR
should not simply pursue a larger retrieval scale,
but should instead focus on selectively providing
truly important paths (Zhang et al., 2026a). In-
spired by this, we propose super-path ranking and
constraint verification (SPaRC), an efficient decou-
pled framework for multi-hop KGR. SPaRC first
compresses paths with the same anchor entity and
relation sequence into super-paths, reducing redun-
dant intermediate and tail entities while preserving
key relational logic. It then trains a contrastive
ranker over super-paths, where the current ques-
tion’s ground-truth super-paths are used as posi-
tive samples, and two types of negatives are intro-
duced: first, non-ground-truth super-paths within
the same question as hard negatives to distinguish
surface-form similar paths that cannot support an-
swer reasoning; second, ground-truth super-paths
from other questions in the same batch as easy neg-
atives to learn global decision boundaries across
different questions. Finally, SPaRC verifies top-
ranked paths with query semantic constraints and
provides high-quality context to the LLMs for an-
swer reasoning. By moving super-path construc-
tion, ranking, and verification into lightweight mod-
ules before reasoning, SPaRC allows LLMs to fo-
cus on final complex reasoning rather than costly
graph exploration and noise filtering. Our contribu-
tions are as follows:

(1) Super paths, better reasoning. We propose
SPaRC, an efficient decoupled multi-hop KGR
framework with LLMs that introduces super-path
to reduce redundancy among key facts while pre-
serving multi-hop reason logic, allowing LLMs to
focus on reliable and cost-effective reasoning.

(2) Contrastive ranker, higher recall. We
design a super-path-based contrastive ranker that
learns to distinguish paths both within the same
question and across different questions, enabling
more accurate ranking of valid paths against mis-
leading paths with surface-form similarity while
helping to improve the recall of top-ranked candi-
date super-paths.

(3) Significant performance and efficiency
gains. Experiments on WebQSP and CWQ show
that SPaRC achieves SOTA performance. In chal-
lenging settings, SPaRC further improves F1 on
the two benchmarks by up to 17.6% and 42.1% for
multi-hop reasoning, 26.7% and 5.9% for multi-
entity cases, and 10.4% and 79.4% for multiple-

8618



answer cases, while reducing reasoning tokens by
29.7% and retrieval time by 25%.

2 Related Work

Recent multi-hop KGR studies have explored dif-
ferent ways of integrating KGs with LLMs. These
methods use KG facts, paths, or executable queries
to ground LLMs reasoning. Including agent-based
methods, information retrieval (IR)-based methods,
and semantic parsing (SP)-based methods.

(1) Agent-based KGR methods place LLMs
in the retrieval loop and use them to guide KG ex-
ploration (Sun et al., 2024; Luo et al., 2024; Chen
et al., 2024; Zhang et al., 2026b; Zhao et al., 2026).
They usually decompose questions into intermedi-
ate goals, select relations or entities step by step,
and refine the exploration trajectory according to
previously retrieved facts. This interactive process
enables flexible reasoning, but repeated LLM calls
make it computationally expensive and highly de-
pendent on the capability of the backbone LLMs.

(2) IR-based KGR methods decouple retrieval
from generation by first retrieving triples, paths, or
subgraphs from KGs, and then using LLMs to rea-
son over answers (Li et al., 2025; Liu et al., 2025;
Mavromatis and Karypis, 2025). Retrieval can be
implemented with sparse (Robertson and Zaragoza,
2009) or dense similarity (Gao et al., 2021), graph
search (Li et al., 2025), or GNN-based retriev-
ers (Liu et al., 2025; Mavromatis and Karypis,
2025). This design is efficient and scalable, but its
effectiveness is limited by retrieval quality, where
insufficient retrieval misses key paths while exces-
sive retrieval introduces noisy context.

(3) SP-based KGR method translates given
questions into executable logical forms, such as
S-expressions or SPARQL queries, and obtains an-
swers by executing them over KGs (Ye et al., 2022;
Zhang et al., 2023; Yu et al., 2023). This method
offers explicit and interpretable reasoning when the
logical form is correct, but generating executable
queries that accurately align with the query intent
remains challenging (Yan et al., 2026).

Inspired by these lines of work, SPaRC retains
the efficiency of retrieval-based reasoning while
making path selection more discriminative and
constraint-aware before LLMs reasoning. SPaRC
reconstructs candidate paths into compact super-
paths, ranks them to prioritize intent-supporting
paths over those with misleading surface-form sim-
ilarity, and verifies the top-ranked paths under se-

mantic constraints, thereby providing LLMs with
a compact and reliable path context for efficient
multi-hop KGR.

3 Preliminaries

Definition 1: Knowledge graph A knowledge
graph is denoted as G = (E ,R, T ), where E is the
entity set,R is the relation set, and T ⊆ E×R×E
is the set of factual triples. Each triple (eh, r, et) ∈
T represents a relation r between a head entity eh
and a tail entity et. A k-hop path is defined as
p = (e0, r1, e1, . . . , rk, ek), where (ej−1, rj , ej) ∈
T for 1 ≤ j ≤ k.
Definition 2: Super-path. Given an anchor entity
ei ∈ E and a relation sequence [r1, r2, . . . , rk], a
super-path is defined as s = (ei, [r1, r2, . . . , rk]).
It abstracts a group of instantiated paths that share
the same anchor entity and relation sequence,
where the anchor can correspond to either the
source side or the target side of the matched path
pattern. Compared with instantiated paths, a super-
path compresses repeated intermediate and termi-
nal entities while preserving the relational logic
used for multi-hop reasoning.
Multi-hop KGR task statement. Given a natural
language question q, a knowledge graph G, and an
LLM fLLM, multi-hop knowledge graph reasoning
aims to infer the answer entity or entity setAq ⊆ E
by composing multiple facts from G. In SPaRC,
our goal is to construct a compact and faithful rea-
soning context Cq from candidate super-paths be-
fore LLMs reasoning, and predict the answer as
Âq = fLLM(q, Cq), where Cq should contain suffi-
cient relational constraints for answering q while
reducing redundant or noisy paths.

4 Methodology

As shown in Fig. 2, SPaRC first retrieves a question-
relevant subgraph from the KG as the initial rea-
soning basis. Based on this subgraph, SPaRC re-
constructs candidate paths into super-paths, ranks
them with a contrastive ranker, and verifies the
top-ranked paths under query-semantic constraints
before LLMs reasoning. The verified path context
is then fed into the LLM to reason the final answer.

4.1 Question-relevant Subgraph Retrieval

Given a question q and a knowledge graph G, the
first step of SPaRC is to retrieve a question-relevant
subgraph as the initial candidate space for multi-
hop reasoning. To better utilize KG knowledge
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Figure 2: Overall framework of SPaRC. Given a question and an external knowledge base, SPaRC first retrieves a
question-relevant subgraph (KGs), then constructs compact super-paths, ranks them with a contrastive ranker, and
verifies the top-ranked paths under query-semantic constraints before LLM reasoning.

related to the question, we first identify topic enti-
ties in q using entity linking tools, where ELQ (Li
et al., 2020) and FACC12 are commonly used for
entity retrieval. The linked topic entities are de-
noted as E0q .

Starting from E0q , we perform bounded multi-hop
expansion over G to collect candidate triples and
paths. The expansion depth H is set according to
the dataset: following common practice, we use a
2-hop expansion for WebQSP (Yih et al., 2016) and
a 4-hop expansion for CWQ (Talmor and Berant,
2018). Formally, the retrieved subgraph is denoted
as Gq = (Eq,Rq, Tq), where Tq ⊆ T contains
triples collected within the H-hop neighborhood
of the topic entities. The corresponding candidate
path set is denoted as Pq = {p | p ⊆ Gq, |p| ≤ H},
where each path is associated with at least one topic
entity and contains at most H relations. This stage
aims to provide a high-recall candidate space, while
super-path construction, ranking, and constraint
verification further refine the retrieved paths before
LLMs reasoning.

4.2 Super-Path Construction

Given the retrieved subgraph Gq and its candidate
path set Pq, this stage aims to reduce path redun-
dancy before ranking and LLMs reasoning. A con-
ventional instantiated path explicitly enumerates

2FACC1: Freebase Annotations of the ClueWeb Corpora.

entities and relations as

p = (e0, r1, e1, . . . , rk, ek). (1)

In large retrieved subgraphs, many paths share sim-
ilar relational sequence and anchor entity but dif-
fer only in intermediate or tail entities, leading to
unnecessary context expansion. To address this,
we construct super-paths by abstracting candidate
paths into compact path units defined by an anchor
entity and a relation sequence.

For each p ∈ Pq, we select an anchor entity ei
and represent its relation sequence as

s = (ei, [r1, r2, . . . , rk]), (2)

where [r1, r2, . . . , rk] denotes the relation sequence
associated with the path. Paths with the same an-
chor entity and relation sequence are merged into
the same super-path,

Sq = {s | s = (ei, [r1, . . . , rk]), p ∈ Pq}. (3)

For each super-path s, we maintain its instantiated
path set I(s) for later constraint verification and
answer recovery. Compared with instantiated paths,
super-paths compress repeated intermediate and
tail entities while preserving the core relational
logic, providing a more compact input path for
subsequent ranking.

4.3 Super-Path-based Contrastive Ranking

After super-path construction, the candidate set Sq
may still contain paths that are related to the ques-
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tion only by surface-form similarity, but cannot
support the final answer reasoning. To prioritize
more useful super-paths before constraint verifica-
tion, we train a contrastive ranker over super-paths.
For a question q, we denote its ground-truth super-
paths as S+q , and the non-ground-truth super-paths
from the same question as S−q . In addition, the
ground-truth super-paths of other questions in the
same mini-batch are denoted as S−b . Here, S−q
provides same-question hard negatives, while S−b
provides cross-question easy negatives.

We use a shared encoder Eθ(·) to project both
questions and super-paths into the same seman-
tic space. The question embedding is defined as
hq = Eθ(q). For any super-path s, its embedding
is hs = Eθ(s). Accordingly, the positive and nega-
tive super-path embedding sets are defined as

H+
s = {hs | s ∈ S+q }, (4)

and

H−
s = {hs | s ∈ S−q ∪ S−b }. (5)

Since the encoder output is normalized, the simi-
larity between q and a super-path embedding hs

is computed as sim(hq,hs) = h⊤
q hs/τ, where τ

is the temperature coefficient. The contrastive ob-
jective maximizes the probability of positive super-
paths against all negative super-paths (Oord et al.,
2018). We first define the normalization term as:

Zq =
∑

hs∈H+
s

esim(hq ,hs)+
∑

hs∈H−
s

esim(hq ,hs), (6)

then the training loss is:

L = − log

∑
hs∈H+

s
esim(hq ,hs)

Zq
, (7)

this objective encourages the ranker to assign
higher scores to ground-truth super-paths, while
reducing the scores of both same-question hard
negatives and cross-question easy negatives.

During inference, we use the trained encoder
Eθ(·) to encode q and each candidate super-path
si ∈ Sq, and compute its probability under the
question as:

Pθ(si | q) =
esim(hq ,hsi )

∑
sj∈Sq

esim(hq ,hsj )
. (8)

Let s1, s2, . . . , s|Sq | be the super-paths sorted in de-
scending order of Pθ(si | q). The top-k super-path
set is then obtained as Skq = {s1, s2, . . . , sk}. The
selected Skq is passed to the constraint verification
module.

4.4 Constraint Verification and Answer
Reasoning

The top-ranked super-paths obtained by the con-
trastive ranker are semantically relevant to the ques-
tion, but they may still contain paths that do not
satisfy the answer constraints implied by the query.
Therefore, SPaRC further introduces a constraint
verification stage before final LLMs reasoning.
This stage uses extracted constraints to rerank can-
didate paths and then constructs a compact, faithful,
and high-quality context for answer reasoning.

4.4.1 Constraint Verification
Given a question q, we first use the LLM to ex-
tract its semantic constraints. The extracted con-
straint set is denoted as Zq, where each extracted
constraint describes an expected property of the
final answer, with supported constraint types in-
cluding entity type, relation, temporal, and count
constraints.

For each top-ranked super-path si ∈ Skq , the
LLM assigns a constraint score v(q, si) ∈ [0, 1]
based on the extracted constraints Zq. A higher
score indicates that the super-path better matches
the semantic constraints implied by the question.
We combine the ranker probability and the con-
straint score as follows:

Score(q, si) = (1−α)Pθ(s
i | q)+αv(q, si), (9)

where α controls the contribution of constraint ver-
ification. This step promotes super-paths that are
both highly ranked by the contrastive ranker and
consistent with the query constraints, while down-
weighting surface-form similar but constraint-
irrelevant super-paths.

The verified super-path set is obtained as:

Vq = {si ∈ Skq | Score(q, si) ≥ δ}, (10)

where δ is a verification threshold. The resulting
Vq contains the verified super-paths that will be
used for final answer reasoning.

4.4.2 Answer Reasoning
After constraint verification, SPaRC decompresses
each verified super-path si ∈ Vq into its corre-
sponding instantiated paths through I(si), and or-
ganizes these paths with the question q to form the
final reasoning context Cq. Finally, the LLM takes
q, Cq as input and generates the predicted answer
Aq. In this way, SPaRC allows the LLM to focus
on final answer reasoning over a compact, faithful,
and high-quality path context, rather than filtering
noisy paths from the retrieved path set.
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5 Experiment

We evaluate SPaRC on standard multi-hop KGR
benchmarks, analyzing its performance, efficiency,
and the individual contributions of its components.
Our experimental analysis aims to address the fol-
lowing research questions: RQ1. Does SPaRC
outperform existing baselines on multi-hop KGR
benchmarks? RQ2. Does each core component ef-
fectively contribute to SPaRC? RQ3. Can SPaRC
handle complex multi-hop, multi-entity, and multi-
answer questions? RQ4. How effective is SPaRC
compared with representative retrieval strategies?
RQ5. Does SPaRC reduce token consumption and
retrieval time?

5.1 Experimental Setup

Datasets. We evaluate SPaRC on two Freebase-
based KGQA benchmarks: WebQuestionsSP (We-
bQSP) (Yih et al., 2016) and ComplexWebQues-
tions (CWQ) (Talmor and Berant, 2018). WebQSP
contains 4,737 questions with up to 2-hop reason-
ing, while CWQ contains 34,689 questions with up
to 4-hop reasoning and more complex constraints.
Detailed statistics are reported in Table 1 and A.1.

Dataset Composition Max hop Hop in test (%)

Train Test 1-hop 2-hop >2-hop

WebQSP 3,098 1,639 2 63.8 36.2 0.0
CWQ 31,158 3,531 4 21.5 55.3 23.2

Table 1: Statistics of datasets.

Baselines. We compare SPaRC with traditional
KGR methods and LLM-based KGR methods. Tra-
ditional KGR methods perform multi-hop reason-
ing over KG structures without relying on LLMs,
including KV-Mem (Miller et al., 2016), Graft-
Net (Sun et al., 2018), EmbedKGQA (Saxena et al.,
2020), NSM (He et al., 2021), ReaRev (Mavroma-
tis and Karypis, 2022), SubgraphRetrieval (Zhang
et al., 2022), UniKGQA (Jiang et al., 2023), FC-
KBQA (Zhang et al., 2023), and DecAF (Yu et al.,
2023). According to how LLMs interact with
KGs, LLM-based KGR methods are divided into
two categories: (1) Agent-based methods place
LLMs in the reasoning loop to guide iterative
KG exploration, including ToG (Sun et al., 2024),
RoG (Luo et al., 2024), Interact-KBQA (Xiong
et al., 2024), KG-Agent (Jiang et al., 2025a),
AgenticKBQA (Chen et al., 2026), and VoG (Zhao

Method WebQSP CWQ

Hit@1 F1 Hit@1 F1

Tr
ad

iti
on

al
K

G
R

KV-Mem 46.7 34.5 21.1 15.7
GraftNet 66.7 62.4 36.8 32.7
EmbedKGQA 66.6 – 45.9 –
NSM 68.7 62.8 47.6 42.4
ReaRev 76.4 70.9 52.9 47.8
SubgraphRetrieval 69.5 64.1 50.2 47.1
UniKGQA 77.2 70.2 51.2 48.0
FC-KBQA – 76.9 – 56.4
DecAF 82.1 78.8 70.4 –

K
G

R
w

ith
L

L
M

s

Agent-based methods
ToG+ChatGPT 76.2 – 57.6 –
ToG+GPT-4 82.6 – 68.5 –
RoG 85.7 70.8 62.6 56.2
Interact-KBQA 72.5 71.2 – 49.1
KG-Agent 83.3 – 72.2 –
AgenticKBQA 80.1 77.2 – 68.3
VoG+GPT-4 88.7 73.2 77.6 67.5

IR-based methods
DualR+GPT-4 87.6 – 73.6 –
SubgraphRAG⋆ 86.6 70.6 57.0 47.2
SubgraphRAG† 90.1 77.5 62.0 54.1
GNN-RAG 85.7 71.3 66.8 59.4
ReKnoS 81.1 79.5 58.5 56.8
GCR+ChatGPT 92.6 73.2 72.7 60.9
GCR† 92.2 74.1 75.8 61.7
PoG+ChatGPT 91.6 – 74.7 –
RRP† 91.1 72.5 71.7 56.5
SCR† 90.8 74.8 68.4 57.3
STEM⋆ 86.6 71.1 68.8 60.8
STEM+GPT-4o 90.9 76.2 74.1 65.3

O
ur

s Our⋆ 92.5 78.1 87.4 68.6
Our† 93.4 79.7 89.6 74.2

Table 2: Performance comparison of different methods
on WebQSP and CWQ. Bold and underline denote the
best and second-best results, respectively. ⋆ and † mark
results reproduced using Llama-3.1-8B and GPT-4o-
mini for fair comparison.

et al., 2026). (2) IR-based methods retrieve rele-
vant KG contexts and then use LLMs for answer
reasoning, including DualR (Liu et al., 2025), Sub-
graphRAG (Li et al., 2025), GNN-RAG (Mavroma-
tis and Karypis, 2025), ReKnoS (Wang et al., 2025),
GCR (Luo et al., 2025), PoG (Tan et al., 2025),
RRP (Xiao et al., 2026), SCR (Lin et al., 2026),
and STEM (Yu et al., 2026). Detailed descriptions
of these baselines are provided in Appendix A.2.
Evaluation metrics and Implementation details.
We use Hit@1 and F1 to evaluate the overall answer
performance. For retrieval evaluation, we report
Hit@k, precision@k, recall@k, and F1@k, where
k denotes the number of top-ranked paths retained
for evaluation.We use RoBERTa-large as the shared
encoder for the super-path contrastive ranker. The
ranker is trained with τ = 0.05, batch size 32, and
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Figure 3: Performance on complex questions: (a) multi-hop, (b) multi-answer, and (c) multi-topic entity settings.

Dataset Top-1 Top-5

Hit P. R. F1 Hit P. R. F1

WebQSP 90.8 90.8 80.5 83.9 99.4 24.5 98.7 38.4
CWQ 96.9 96.9 74.9 81.9 99.5 38.4 98.0 52.1

Table 3: Retrieval performance of SPaRC.

8 negative super-paths per question. GPT-4o-mini
and Llama-3.1-8B are used for constraint verifica-
tion and answer reasoning. All experiments are con-
ducted on NVIDIA 2*A800 GPU using PyTorch
and HuggingFace Transformers. More details are
provided in Appendix A.3 and A.4.

5.2 Main Results

RQ1: KGR Performance. The main results show
that SPaRC achieves SOTA performance on We-
bQSP and CWQ, as reported in Table 2. Compared
with the best baseline results, SPaRC brings larger
gains on CWQ, improving Hit@1 from 77.6% to
89.6% and F1 from 68.3% to 74.2%, with absolute
improvements of 12.0 and 5.9 points, respectively.
On WebQSP, SPaRC further improves Hit@1 to
93.4% and F1 to 79.7%. The gains are therefore
more evident on CWQ. This is reasonable because
CWQ requires deeper hop expansion and contains
more complex questions than WebQSP. As the hop
depth increases, the retrieved subgraph usually be-
comes larger, making useful path identification and
irrelevant path filtering more difficult. By construct-
ing a compact path context with super-path ranking
and constraint verification, SPaRC is more effective
in handling such complex reasoning scenarios.

Under the same LLM backbone, SPaRC consis-
tently outperforms representative baselines. With
GPT-4o-mini, SPaRC outperforms GCR and Sub-
graphRAG on both datasets, with gains on CWQ,
+12.55 F1 over GCR and +20.15 F1 over Sub-
graphRAG. With Llama-3.1-8B, SPaRC also sur-
passes STEM by +7.05 F1 on WebQSP and +7.85

F1 on CWQ. These results suggest that the gains
come not only from the backbone LLM, but also
from providing the LLMs with a compact and
constraint-aware factual context.

RQ3: Complex Questions Reasoning. Fig. 3
reports F1 results under different question com-
plexity settings, including hop depth, answer num-
ber, and topic entity number. SPaRC achieves the
best or comparable-best results across most groups,
with clearer advantages on the harder CWQ sub-
sets. For deeper-hop reasoning (≥ 2 hops), it im-
proves F1 by up to 17.6% on WebQSP and 42.1%
on CWQ. For multi-answer questions, SPaRC fur-
ther improves F1 by up to 10.4% on WebQSP and
79.4% on CWQ. For multi-topic-entity questions,
the relative improvements reach 26.7% and 5.9%
on the two datasets, respectively. These results
indicate that SPaRC remains effective when ques-
tions require longer reasoning paths, multiple topic
entities, or multiple answers. This benefits from
its design: super-path ranking selects more useful
path structures before LLM reasoning, while con-
straint verification further refines the selected paths
according to the question requirements.

RQ4: Retrieval Results. Table 3 reports the re-
trieval performance of the super-path-based con-
trastive ranking module. Here, Hit@k measures
whether at least one useful super-path is included in
the top-k ranked results. The ranker achieves high
Hit@1 on both WebQSP and CWQ, and Hit@5
further reaches 99.4 and 99.5, indicating that use-
ful paths are almost always retained within a small
top-k set. Precision@1 is identical to Hit@1 be-
cause only one super-path is evaluated at k = 1, so
the top-ranked result is either useful or not. When
k increases from 1 to 5, recall increases substan-
tially, but precision naturally drops because more
super-paths are retained and not all of them are
ground-truth paths. This also lowers F1@5 de-
spite the higher coverage. This trend is consistent
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Figure 4: Super-path-based retriever performance analysis: (a) comparison with representative sparse (BM25,
TF-IDF), dense (MiniLM, MPNet, SimCSE, BGE) retrieval models and our (using BERT and RoBERTa backbones).
(b) Effect of hard negatives on CWQ Top-3 retrieval.

Method #KG Tokens Time (s) LLM Calls

RoG 622 2327 2
SubgraphRAG 1229 12 1
GNN-RAG+RA 655 160 2
SPaRC 437 9 3

Table 4: Efficiency comparison of different methods.

with our motivation: the contrastive ranker pro-
vides high-coverage candidate super-paths, while
the subsequent constraint verification module fur-
ther filters them to reduce irrelevant paths before
LLMs reasoning. Further detailed analysis can be
found in Section 5.5.
RQ5: Efficiency Analysis. Table 4 shows that
SPaRC achieves a better efficiency balance than
existing methods. Compared with RoG and GNN-
RAG+RA, SPaRC avoids expensive graph explo-
ration and reduces runtime from 2327s and 160s
to 9s, respectively, while using fewer KG tokens.
Compared with SubgraphRAG, which uses only
one LLM call, SPaRC still reduces KG tokens and
runtime. This indicates that the extra verification
call does not introduce a large token overhead, be-
cause super-path construction and ranking substan-
tially reduce the path context before LLMs rea-
soning. Overall, SPaRC improves efficiency by
compressing the retrieved path space rather than re-
lying on long contexts or iterative KG exploration.
More analysis see Appendix D.2.

5.3 RQ2: Ablation Study

To examine the contribution of each core com-
ponent, we remove constraint verification (CV),
super-path-based contrastive ranking (CR), super-
path construction (SP), and both CR and CV from
SPaRC. As shown in Table 5, all variants lead to
performance degradation. Removing SP replaces
super-paths with original paths, causing F1 to drop

Variant WebQSP CWQ

Hit F1 Hit F1

SPaRC⋆ 92.5 78.1 87.4 68.6
w/o CV 89.4 73.6 85.8 67.3
w/o CR 80.3 63.4 83.7 67.4
w/o SP 86.0 66.3 85.8 58.6
w/o CR + CV 69.2 42.5 64.0 49.3

Table 5: Ablation study of SPaRC. CR denotes super-
path-based contrastive ranking, SP denotes super-paths,
and CV denotes constraint verification.

from 78.1 to 66.3 on WebQSP and from 68.6 to
58.6 on CWQ, which shows that super-path con-
struction helps reduce path redundancy before rank-
ing and verification. Removing CR or CV also de-
creases performance, indicating that ranking and
verification are both necessary for selecting useful
paths and filtering constraint-irrelevant ones. When
both CR and CV are removed, all constructed super-
paths are directly fed into the LLM, introducing
more noisy and irrelevant paths; this results in the
largest drop, with F1 decreasing to 42.5 on We-
bQSP and 49.3 on CWQ. These results show that
SP, CR, and CV jointly produce a compact and reli-
able reasoning context for LLMs reasoning. More
detailed analyses are provided in Appendix D.

5.4 RQ4: Retrieval Strategies Comparison.

Fig. 4(a) shows that the proposed super-path-based
retriever clearly outperforms representative sparse
and dense retrieval models. Sparse methods such as
TF-IDF and BM25 perform poorly, especially on
WebQSP, indicating that lexical matching is insuffi-
cient for identifying useful reasoning paths. Dense
retrievers improve the results, with BGE achieving
the strongest baseline performance, but they still
lag behind our trained retriever by a large margin.
Our retriever shows that task-specific contrastive
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Figure 5: Additional analysis of top-k super-path re-
trieval results: (a) WebQSP and (b) CWQ.

training better aligns questions with useful super-
paths than general retrieval models.

Fig. 4(b) shows that introducing hard negatives
improves the retrieval result. Compared with using
only easy negatives, adding hard negatives substan-
tially increases both metrics, and the performance
becomes stable when the number of hard negatives
reaches 8. This indicates that the same question
hard negatives help the retriever distinguish useful
super-paths from surface-form similar paths.

5.5 RQ4: Analysis of Contrastive Ranker

To examine how retrieval scope affects key path
recall and noise accumulation, we analyze the
super-path ranker under different top-k settings.
As shown in Fig. 5, Hit@k is high at k = 1 and
increases at k = 3 and k = 5, indicating that top-
ranked results usually contain at least one ground-
truth super-path. However, questions contain on
average 1.8 and 3.2 ground-truth super-paths on
WebQSP and CWQ, respectively. A single top-
ranked path may therefore not cover all required
facts, especially on CWQ. Thus, top-k retrieval
seeks not one correct path but a small candidate
set covering the required reasoning facts. When k
increases from 1 to 3, Recall@k improves substan-
tially, while Precision@k decreases as non-ground-
truth paths are added. Increasing k further to 5
brings only marginal recall gains, with continued
declines in precision and F1. This shows that top-k
retrieval provides a high-coverage but still coarse
candidate set. SPaRC therefore applies constraint
verification to rerank these paths before construct-
ing the final context for LLM reasoning.

5.6 RQ2: Effect of Constraint Verification

Constraint verification further improves the top-
ranked super-paths produced by the contrastive
ranker. As shown in Fig. 6, increasing α from zero
generally improves precision and F1, indicating
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Figure 6: Effect of constraint verification weight α on
Top-5 retrieval results: (a) WebQSP and (b) CWQ.

that the constraint score complements the ranking
score by promoting paths more compatible with the
extracted constraints. The improvements are more
visible on WebQSP, whereas the curves on CWQ
remain relatively stable, suggesting that the con-
trastive ranker already provides strong top-ranked
super-paths under this setting, and constraint verifi-
cation mainly serves as a supplementary refinement
rather than causing large ranking changes.

6 Conclusion

In this paper, we propose SPaRC, an efficient de-
coupled framework for multi-hop KGR with LLMs.
SPaRC constructs compact and constraint-aware
path contexts by compressing instantiated paths
into super-paths, ranking them with contrastive
learning, and verifying top-ranked paths before
LLM reasoning. Experiments on WebQSP and
CWQ show that SPaRC improves both effective-
ness and efficiency, especially for complex ques-
tions. These results highlight the value of refining
paths before LLM reasoning for reliable multi-hop
knowledge graph reasoning.

Limitations

SPaRC is designed to refine retrieved KG paths
before LLMs reasoning, but its performance still
depends on whether the initial subgraph retrieval
stage preserves the necessary reasoning facts. As
shown in the failure analysis in Appendix E, errors
caused by missing relevant paths remain an impor-
tant source of failure, since later super-path ranking
and constraint verification cannot recover facts that
are absent from the candidate path set. In addi-
tion, the current super-path representation abstracts
candidate paths by anchor entities and relation se-
quences, which improves compactness but may not
capture all fine-grained distinctions among struc-
turally similar paths. Further discussion of these
directions is provided in Appendix F.
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Ethics Statement
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applications that require high factual reliability.
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Appendix

A Experimental Setup

A.1 Datasets
In addition to the basic dataset statistics, we further
report the distribution of topic entities and answer
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Dataset Topic entity (%) Answer number (%)

1 2 > 2 1 2 > 2

WebQSP 78.4 21.0 0.6 51.2 13.9 34.9
CWQ 52.0 41.2 6.9 74.3 8.0 17.7

Table 6: Statistics of the Number of Topic Entities and
Answers.

numbers in the test sets. As shown in Table 6, We-
bQSP is dominated by single-topic entity questions,
while CWQ contains a much larger proportion of
questions with two or more topic entities. This
indicates that CWQ requires more complex entity
interaction and path composition. For answer distri-
bution, both datasets contain a considerable number
of multi-answer questions, which further increases
the difficulty of producing complete answers in
multi-hop KGR.

A.2 Baselines
We evaluate SPaRC against representative tradi-
tional KGR and LLM-based KGR baselines.
Traditional KGR methods.

• KV-Mem (Miller et al., 2016): Uses key-
value memory slots to store KB triples, where
subject-relation pairs serve as keys and ob-
jects serve as values, and performs multi-hop
memory retrieval for answer prediction.

• GraftNet (Sun et al., 2018): Builds a
question-specific subgraph with KB facts and
entity-linked text, and applies graph neural
networks to propagate information across en-
tities, relations, and text nodes.

• EmbedKGQA (Saxena et al., 2020): Lever-
ages KG embeddings to score candidate an-
swers in the embedding space, improving
multi-hop KGR over sparse KGs without re-
quiring external text or a fixed local answer
neighborhood.

• NSM (He et al., 2021): Introduces a teacher-
student framework for neural-symbolic multi-
hop reasoning, where intermediate supervi-
sion guides the student model to learn more
reliable reasoning trajectories.

• ReaRev (Mavromatis and Karypis, 2022): Re-
fines question instructions with KG-aware
information and dynamically executes them
over the graph, improving reasoning over com-
plex questions and incomplete KGs.

• SubgraphRetrieval (Zhang et al., 2022): Re-
trieves and prunes a k-hop subgraph around
the topic entity, then combines KG embed-
dings and relevance scoring to select candi-
date answers.

• UniKGQA (Jiang et al., 2023): Unifies
subgraph retrieval and reasoning through
question-relation matching and matching in-
formation propagation over KGs.

• FC-KBQA (Zhang et al., 2023): Extracts
relevant fine-grained knowledge components
from the KB and reformulates them into
middle-grained knowledge pairs to generate
logical expressions with improved generaliza-
tion and executability.

• DecAF (Yu et al., 2023): Uses free-text re-
trieval over linearized KBs to jointly generate
logical forms and direct answers, and com-
bines logical-form-executed answers with di-
rectly generated answers to produce the final
prediction.

KGR with LLMs. We compare with LLM-based
KGR methods that differ in how LLMs interact
with KGs. Specifically, we consider agent-based
methods and IR-based methods.
Agent-based methods. These methods place LLMs
in the reasoning loop to guide iterative KG explo-
ration.

• ToG (Sun et al., 2024): Treats the LLM as
an active reasoning agent that iteratively ex-
plores entities and relations in KGs, using
beam search to discover promising reasoning
paths before generating answers.

• RoG (Luo et al., 2024): Generates relation
paths as reasoning plans, retrieves valid paths
from the KG according to these plans, and
uses the retrieved paths to guide LLMs rea-
soning.

• Interact-KBQA (Xiong et al., 2024): Uses
LLMs to generate logical forms through di-
rect interactions with KBs, where generic KB
operation APIs and few-shot exemplars guide
the reasoning process for complex questions.

• KG-Agent (Jiang et al., 2025a): Uses LLMs
as autonomous agents equipped with KG op-
eration tools and memory, enabling multi-step
reasoning through iterative tool selection, exe-
cution, and memory updates over KGs.
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• AgenticKBQA (Chen et al., 2026): Trains
LLMs for autonomous agentic reasoning over
KBs, using outcome-supervised curriculum
reinforcement learning to iteratively decom-
pose questions, generate logical queries, and
interact with the KB to obtain answers.

• VoG (Zhao et al., 2026): Verifies and revises
LLM-generated reasoning plans over KGs,
using stepwise graph-based verification and
adaptive revision to improve multi-hop rea-
soning reliability.

IR-based methods. These methods first retrieve rel-
evant KG contexts and then use LLMs for answer
reasoning.

• DualR (Liu et al., 2025): Integrates GNN-
based explicit reasoning with LLM-based im-
plicit reasoning, where the GNN extracts rea-
soning chains from KGs and the LLM uses
them to produce the final answer.

• SubgraphRAG (Li et al., 2025): Re-
trieves question-relevant subgraphs with a
lightweight triple-scoring retriever and feeds
the retrieved KG context into LLMs for an-
swer reasoning.

• GNN-RAG (Mavromatis and Karypis, 2025):
Uses GNNs to retrieve candidate answers
from KG subgraphs, extracts shortest reason-
ing paths connecting question entities to can-
didates, and verbalizes these paths as context
for LLMs reasoning.

• ReKnoS (Wang et al., 2025): Introduces
super-relations to summarize and connect mul-
tiple relation paths, enabling both forward and
backward reasoning over KGs to improve re-
trieval coverage and reasoning efficiency.

• GCR (Luo et al., 2025): Constrains LLMs
decoding with a KG-Trie to generate KG-
grounded reasoning paths and hypothesis an-
swers, which are then used by a general LLMs
for final graph-constrained reasoning.

• SCR (Lin et al., 2026): Performs stepwise
contrastive reasoning by aligning the question
representation with neighboring KG entities
at each step, progressively selecting the next
topic entity until reaching the answer.

• PoG (Tan et al., 2025): Dynamically explores
and prunes multi-hop reasoning paths from
KGs, providing relevant path-based evidence
for LLM reasoning over multi-hop and multi-
entity questions.

• RRP (Xiao et al., 2026): Combines LLM
semantics with KG structural information
through relation embeddings and bidirec-
tional distribution learning to extract reason-
ing paths, and employs a rethinking module
to evaluate and rank them according to their
contribution to answering the question.

• STEM (Yu et al., 2026): Reframes multi-
hop KGR as schema-guided graph search,
using semantic-to-structural projection, glob-
ally aware subgraph retrieval, and Triple-
GNN guidance to construct evidence reason-
ing graphs.

Unsupervised retrieval methods. To evaluate the
effectiveness of super-path ranking, we include rep-
resentative retrieval methods as reference baselines,
including sparse retrieval methods and dense re-
trieval methods.
Sparse retrieval methods represent queries and can-
didate texts with term-based sparse features and
compute relevance mainly through lexical match-
ing.

• TF-IDF (Salton and Buckley, 1988): TF-IDF
estimates the importance of a term by con-
sidering its frequency in a document and dis-
counting terms that frequently appear across
the corpus, thereby providing a simple lexi-
cal relevance score between queries and docu-
ments.

• BM25 (Robertson and Zaragoza, 2009): Best
Matching 25 is a probabilistic ranking func-
tion widely used in information retrieval. It ex-
tends TF-IDF by considering term-frequency
saturation and document-length normaliza-
tion, providing a stronger lexical matching
score between a query and candidate docu-
ments.

Dense retrieval methods encode queries and doc-
uments into low-dimensional dense vectors using
neural encoders and retrieve by vector similarity,
capturing semantic relevance beyond surface-form
matching.
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• MiniLM (Wang et al., 2021): A compact
sentence transformer model obtained through
self-attention relation distillation. It trans-
fers fine-grained query-key-value interaction
knowledge from large pretrained teacher mod-
els to smaller student models, producing ef-
ficient sentence-level representations with re-
duced model size.

• MPNet-base-v2: MPNet (Song et al., 2020)
combines masked language modeling and
permuted language modeling to improve
pretrained language representations. The
MPNet-base-v2 model is further used for sen-
tence embedding by fine-tuning on large-scale
sentence-pair data with a contrastive learning
objective, enabling effective semantic repre-
sentation learning.

• SimCSE (Gao et al., 2021): SimCSE is a
contrastive learning framework for sentence
embeddings. Its unsupervised version uses
dropout noise to construct positive pairs from
the same sentence, while its supervised ver-
sion leverages natural language inference
pairs to improve alignment and uniformity in
the embedding space.

• BGE (Xiao et al., 2024): BGE provides a fam-
ily of general text embedding models based on
BERT-like architectures and trained through
a multi-stage training recipe. It offers mul-
tiple model scales to balance representation
quality and efficiency, and can be used di-
rectly for embedding-based retrieval or further
fine-tuned for downstream applications. The
bge-large-en-v1.5 is english version 1.5 model
with a more reasonable similarity distribution.

A.3 Evaluation Metrics

For retrieval evaluation, we report Hit@k,
precision@k, recall@k, and f1@k, where k de-
notes the number of top-ranked super-paths re-
tained for evaluation. Consistent with the nota-
tion used in the methodology, let Skq be the top-k
super-path set selected by the ranker and S+q be the
ground-truth super-path set of question q. We de-
fine the number of correctly retrieved super-paths
as ckq = |Skq ∩ S+q |. The per-question retrieval
metrics are defined as follows:

Hit@k(q) = 1
(
ckq > 0

)
, (11)

Setting Value

Super-path contrastive ranker
Encoder Eθ(·) {RoBERTa, BERT}
Projection Dimension 256
Max length 128
Temperature τ 0.05
Batch size {16, 32, 64}
Learning rate 2× 10−5

Epochs {5, 10, 15}
Hard negatives {0, 1, 2, 4, 8, 16}
Easy negatives {0, 1, 2, 4, 8, 16}

Retrieval and verification
Top-k {1, 3, 5, 10}
Hop depth H {2, 4}
Weight α {0.2, 0.4, 0.6, 0.8, 1}
Threshold δ 0.5
LLM fLLM {GPT-4o-mini, Llama-3.1-8B}

Table 7: Key implementation settings of SPaRC.

P@k(q) =
ckq
|Skq |

, R@k(q) =
ckq

|S+q |
, (12)

F1@k(q) =
2 · P@k(q) · R@k(q)

P@k(q) + R@k(q)
. (13)

The final reported values are averaged over all
evaluation questions with ground-truth super-path
sets.

A.4 Implementation Details
We summarize the key implementation settings
of SPaRC in Table 7. The settings mainly cover
the super-path contrastive ranker, question-relevant
subgraph retrieval, and constraint verification.

B Ground-Truth Super-Path

Ground-truth super-paths are constructed from the
dataset-provided SPARQL queries. Unlike GNN-
RAG (Mavromatis and Karypis, 2025), which con-
structs ground-truth paths using shortest paths from
topic entities to answer entities, we construct them
based on the sub-query clauses extracted from the
SPARQL queries, since multiple shortest paths may
exist and not all of them necessarily satisfy the
query intent.

Specifically, we use regular expressions to ex-
tract (subject, predicate, object) expressions
from each SPARQL query, such as (ns:m.0160w,
ns:location.country.currency_used, ?x).
Given the retrieved subgraph described in Sec-
tion 4.1, we identify the triples that match these
expressions. For missing matches, the required
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Algorithm 1 SPaRC Framework
Input: question q, KG G, hop depth H , top-k,
encoder Eθ(·), LLM fLLM, α, δ.
Output: predicted answer Âq.
// Question-relevant subgraph retrieval

1: E0q ← EntityLinking(q).
2: Gq ← SubgraphRetrieve(G, E0q , H), Pq ←

PathCollection(Gq).
// Super-path construction

3: Sq ← ∅, I ← ∅.
4: for each p = (e0, r1, e1, . . . , rk, ek) ∈ Pq do
5: s← (ei, [r1, . . . , rk]).
6: if s /∈ Sq then Sq ← Sq ∪ {s}, I(s)← ∅.
7: I(s)← I(s) ∪ {p}.
8: end for

// Super-path-based contrastive ranking
9: hq ← Eθ(q).

10: for each si ∈ Sq do
11: hsi ← Eθ(si).
12: Compute Pθ(si | q) by Eq. (8).
13: end for
14: Skq ← TopK(Sq, Pθ(· | q), k).

// Constraint verification
15: Zq ← ConstraintExtract(q, fLLM), Vq ←
∅.

16: for each si ∈ Skq do
17: v(q, si)← Verify(q, si,Zq, fLLM).
18: Compute Score(q, si) by Eq. (9).
19: if Score(q, si) ≥ δ then Vq ← Vq ∪ {si}.
20: end for

// Answer reasoning
21: Cq ← Decompress(Vq, I).
22: Âq ← fLLM(q, Cq).
23: return Âq.

SPARQL-matched triples are retrieved from Free-
base before constructing the positive path. The
matched triples are then organized into ground-
truth paths and converted into ground-truth super-
paths following the construction procedure de-
scribed in Section 4.2.

C Algorithm for SPaRC

Algorithm 1 summarizes the Framework of
SPaRC, including subgraph retrieval, super-path
construction, ranking, constraint verification, and
final LLMs reasoning.
Algorithm 2 presents the training process of the
super-path based contrastive ranker, which learns
to distinguish ground-truth super-paths from same-

Algorithm 2 Super-Path-based Contrastive Ranker
Training

Input: training set D, encoder Eθ(·), tempera-
ture τ , batch size B.
Output: trained encoder Eθ(·).

1: for each mini-batch B ⊂ D do
2: LB ← 0.
3: for each question q ∈ B do
4: Construct S+q , S−q , and S−b .
5: hq ← Eθ(q).
6: H+

s ← {hs | hs = Eθ(s), s ∈ S+q }.
7: H−

s ← {hs | hs = Eθ(s), s ∈ S−q ∪
S−b }.

8: Compute Zq by Eq. (6).
9: Compute L by Eq. (7).

10: LB ← LB + L.
11: end for
12: Update θ by minimizing LB/|B|.
13: end for
14: return Eθ(·).

Method WebQSP CWQ

Hit@1 F1 Hit@1 F1

Our⋆ 92.2 ± 0.3 78.6 ± 0.5 87.9 ± 0.6 68.2 ± 0.5
Our† 93.3 ± 0.1 79.5 ± 0.3 89.6 ± 0.1 74.1 ± 0.2

Table 8: Mean and standard deviation over multi-runs.

question and cross-question negative super-paths.

D Additional Experiment

D.1 RQ1: Additional Main Results

As shown in Table 8, SPaRC results are reported
as the mean and sample standard deviation over
three runs. Table 9 reports SPaRC results with dif-
ferent LLM backbones to support controlled same-
backbone comparisons with existing methods.

D.2 RQ2: Effect of Super-Path Construction

RQ5: Path compression. The results in table 10
show that super-path construction substantially re-
duces the size of the candidate path set. On We-
bQSP, the average number of paths decreases from
2391.1 to 45.5, achieving about 52.6× compres-
sion. On CWQ, it decreases from 1908.9 to 33.9,
achieving about 56.3× compression. This indicates
that many instantiated paths share the same anchor
entity and relation sequence, and super-paths can
effectively remove such redundant path enumera-
tions while preserving the main relational structure.
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LLM WebQSP CWQ

Hit@1 F1 Hit@1 F1

GPT-4 93.1 82.7 89.3 79.2
GPT-4o 92.9 83.3 88.3 79.8
ChatGPT 92.4 84.5 87.1 79.7
GPT-4o-mini 93.4 79.7 89.6 74.2
Llama-3.1-8B 92.5 78.1 87.4 68.6

Table 9: Performance of SPaRC with different LLM
backbones.

Dataset Type Avg. # Avg. Tok. F1 Hit

WebQSP
Path 2391.1 53479.8 66.3 86.0
Super-path 45.5 4864.7 78.1 92.5
GT super-path 1.8 113.6 – –

CWQ
Path 1908.9 42910.8 58.6 85.8
Super-path 33.9 3011.5 68.6 87.4
GT super-path 3.2 58.3 – –

Table 10: Effect of super-path construction under Llama-
3.1-8B backbones. Avg. # and Avg. Tok. denote the
average number of paths and KG tokens, respectively.
GT super-path only reports Oracle statistics.

RQ5: Token reduction. Super-path construction
also greatly reduces KG token consumption. On
WebQSP, the average token number decreases from
53479.8 to 4864.7, reducing the context size by
about 11.0×. On CWQ, it decreases from 42910.8
to 3011.5, reducing tokens by about 14.2×. The or-
acle statistics further show that ground-truth super-
paths are highly compact, with only 113.6 and 58.3
tokens on WebQSP and CWQ, respectively. This
suggests that the useful reasoning context is much
smaller than the raw retrieved path set.
Reasoning performance. Despite using far fewer
paths and tokens, super-paths improve final reason-
ing performance. On WebQSP, F1 increases from
66.3 to 78.1, and Hit increases from 86.0 to 92.5.
On CWQ, F1 increases from 58.6 to 68.6, and Hit
increases from 85.8 to 87.4. These results indi-
cate that super-path construction does not merely
reduce input length but also improves context qual-
ity by removing redundant paths and providing a
more compact path representation for subsequent
ranking and verification.

D.3 RQ2: Super-Path Granularity Analysis
Since triples, relation sequences, paths, and super-
paths differ substantially in retrieval scale, we eval-
uate them by retaining candidates whose predicted
probability exceeds 0.6 rather than using a fixed
top-k cutoff. Table 11 reports recall under these
four retrieval granularities. Here, triples are col-

Retrieval granularity WebQSP CWQ

Triples 73.9 51.4
Relation sequence 80.0 75.1
Paths 85.6 86.8
Super-paths 97.2 95.6

Table 11: Recall comparison across different retrieval
granularity under the same probability threshold.

Method Accuracy (%)

CoT (Wei et al., 2022) 42.9
ToG (Sun et al., 2024) 50.2
VoG (Zhao et al., 2026) 57.4
PPR (Xiao et al., 2026) 69.1
Our 73.6

Table 12: Accuracy comparison of different methods on
the QALD10-en dataset.

lected through bounded multi-hop expansion over
the KG; relation sequences are obtained by dedu-
plicating the relations appearing in these triples;
paths refer to instantiated multi-hop sequences;
and super-paths are formed by compressing paths
with the same anchor entity and relation sequence.
The results show that recall increases consistently
from triples to super-paths on both WebQSP and
CWQ. This suggests that, compared with isolated
triples or relation-level representations, path-based
retrieval better preserves multi-hop reasoning in-
formation, while super-paths further reduce redun-
dancy among instantiated paths and retain the in-
formation most relevant to subsequent ranking and
reasoning.

D.4 RQ1: Generalization on Wikidata

To evaluate the generalization ability of SPaRC
beyond Freebase, we further conduct experiments
on the QALD10-en (Borroto et al., 2022) bench-
mark over Wikidata. As shown in Table 12, SPaRC
achieves the best accuracy of 73.6%, outperforming
the strongest baseline PPR by 4.5 percentage points.
These results demonstrate the generalization ability
of SPaRC beyond Freebase-based benchmarks.

E Failure Analysis and Case Study

We provide qualitative case studies and a detailed
failure analysis. This section addresses the follow-
ing research question:
RQ6. What insights can we obtain from case stud-
ies and failure analysis?
Failure Analysis. The remaining errors come from
two sources. As shown in Table 13, first, com-
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Dataset AR PM CM

# Err. (%) # Err. (%) # Err. (%)

WebQSP 35 28.5 80 65.0 8 6.5
CWQ 165 37.6 266 61.0 6 1.4

Table 13: Failure analysis on WebQSP and CWQ. AR
denotes answer reasoning failure, PM denotes partial
path missing, and CM denotes complete path missing.

Error Type # Err. (%)

Answer Reasoning Failure 92 20.9
Constraint Error 73 16.7
Path Missing 272 62.4

Table 14: Error Attribution on CWQ.

plete path missing is the dominant failure type on
both WebQSP and CWQ, accounting for 65.0%
and 61.0% of all errors, respectively. When the
retrieved path set contains no correct answer, sub-
sequent ranking, verification, and LLM reasoning
have little opportunity to recover the result. In
contrast, partial path missing contributes only a
small fraction of failures on both datasets, indicat-
ing that incomplete coverage in multi-answer cases
is not the primary source of residual errors. Finally,
answer reasoning failure occupies a considerable
proportion, especially on CWQ, where it rises to
37.6%. This shows that even when all correct an-
swers are already covered by the retrieved paths,
the LLM may still fail to derive the correct answer,
suggesting that reasoning over complex retained
contexts remains challenging.

To further localize these errors, we conduct a
finer-grained attribution of 436 unsuccessful CWQ
cases. Table 14 decomposes the previous answer
reasoning failure category into constraint errors and
final answer reasoning failures, which account for
16.7% and 20.9%, respectively. This distinction
shows that some failures after correct paths are
retrieved arise during constraint-based reranking
rather than final LLM reasoning.
Case study: interpretable reasoning. We con-
duct a series of case studies to qualitatively exam-
ine the interpretability of the SPaRC framework.
Tables 15 and 16 present representative successful
cases, while Tables 17 and 18 illustrate cases that
reveal the limitations of SPaRC.

The successful cases show that SPaRC can pro-
vide an interpretable reasoning process from ranked
super-paths to constraint-verified paths and final
answer generation. In both cases, the contrastive

ranker places the required super-paths within the
top-ranked candidates, ensuring that the essential
relational structure is preserved before LLM rea-
soning. Constraint verification then further refines
the ranked super-paths by retaining those that bet-
ter satisfy the question constraints and filtering out
less relevant paths. As a result, the LLM receives a
more focused reasoning context in which the key
supporting paths are clearly presented rather than
obscured by a large set of loosely related paths.
These cases illustrate how super-path ranking and
constraint verification jointly improve the usability
of retrieved KG information and make the support-
ing basis for the final answer clearer.

The failure cases reveal two representative
sources of error. In retrieval failure cases, the re-
quired super-path is not retained among the ranked
candidates, so later verification and LLMs reason-
ing cannot recover the missing reasoning fact. In
reasoning failure cases, the relevant super-path has
already been retrieved and retained after verifica-
tion, but the LLM still produces an incorrect or
incomplete answer from the provided context. This
indicates that SPaRC effectively improves path se-
lection, but final answer quality can still be affected
by the completeness of retrieved super-paths and
the LLM’s ability to correctly use the verified con-
text. Overall, these case studies complement the
quantitative results by illustrating how SPaRC sup-
ports interpretable multi-hop reasoning and by re-
vealing its remaining limitations.

F Future Work

In future work, we plan to extend SPaRC in two
directions. First, we will study incomplete KGR
settings, where necessary entities or relations may
be missing from the KG, and explore how super-
path construction can be combined with link pre-
diction or external textual evidence to improve path
coverage. Second, we will investigate more adap-
tive path refinement strategies, such as dynamically
adjusting retrieval depth, top-k, and verification
strength according to question complexity, so that
SPaRC can construct suitable reasoning contexts
for different types of multi-hop questions.

G Prompt

We provide the complete prompt templates for all
three LLM calls used in SPaRC, covering con-
straint extraction in Fig. 7, constraint verification in
Fig. 8, and answer reasoning in Fig. 9, respectively.
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Field Content

Question What type of cancer did Gilda Radner die of
Answer Ovarian cancer
Topic Entity Gilda Radner, Cancer
Ground-Truth Paths Gilda Radner → people.deceased_person.cause_of_death → Ovarian cancer

Cancer → people.cause_of_death.parent_cause_of_death → Ovarian cancer

Ranked Top-5
Super-Path

Cancer → people.cause_of_death.parent_cause_of_death
Gilda Radner → people.deceased_person.cause_of_death
Gilda Radner → medicine.notable_person_with_medical_condition.condition
Gilda Radner → people.person.sibling_s
Gilda Radner → people.person.spouse_s

Constraint Description The answer is a disease
The head entity is a person

Constraint Verification
Super-Path

Cancer → people.cause_of_death.parent_cause_of_death → Ovarian cancer
Gilda Radner → people.deceased_person.cause_of_death → Ovarian cancer
Gilda Radner → medicine.notable_person_with_medical_condition.condition → Bulimia nervosa

Answer Reasoning Ovarian cancer

Table 15: A representative successful case study from the WebQSP dataset.

Field Content

Question What European Union country sharing borders with Germany contains the Lejre Municipality?
Answer Denmark
Topic Entity Lejre Municipality, Country, Germany
Ground-Truth Paths Lejre Municipality → location.country.administrative_divisions → Denmark

Germany → location.location.adjoin_s, location.adjoining_relationship.adjoins → Denmark
Country → common.topic.notable_types → Denmark

Ranked Top-5
Super-Path

Country → common.topic.notable_types
Lejre Municipality → location.country.administrative_divisions
Germany → location.location.adjoin_s, location.adjoining_relationship.adjoins
Germany → base.aareas.schema.administrative_area.administrative_children
Germany → location.country.administrative_divisions

Constraint Description The answer is a country
The location is a municipality

Constraint Verification
Super-Path

Country → common.topic.notable_types → Denmark
Germany → location.location.adjoin_s, location.adjoining_relationship.adjoins → Denmark
Germany → base.aareas.schema.administrative_area.administrative_children → Bremen, Berlin,
and 14 other candidate answers
Germany → location.country.administrative_divisions → Dortmund, and 28 other candidate an-
swers

Answer Reasoning Denmark

Table 16: A representative successful case study from the CWQ dataset.

Field Content

Question What year was the first Miss America pageant held
Answer 1921
Topic Entity Miss America
Ground-Truth Paths Miss America → time.recurring_event.date_of_first_occurrence → 1921

Ranked Top-5
Super-Path

Miss America → time.recurring_event.instances
Miss America → time.recurring_event.current_frequency
Miss America → award.recurring_competition.individual_competitions
Miss America → common.topic.notable_types
Miss America → organization.organization.headquarters

Constraint Description The answer is a year
Constraint Verification
Super-Path

Miss America → time.recurring_event.current_frequency → Yearly
Miss America → time.recurring_event.instances → Miss America 2007, Miss America 2006, and
93 other candidate answers
Miss America → award.recurring_competition.individual_competitions → Miss America 2001,
1964 Miss America, and 7 other candidate answers
Miss America → common.topic.notable_types → Recurring competition

Answer Reasoning 1932, 1930

Table 17: A representative retrieval failure case study from the WebQSP dataset.
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Field Content

Question What is the name of the mascot by the university which includes Syracuse University Orange
Football

Answer Syracuse University Otto the Orange
Topic Entity Syracuse Orange football
Ground-Truth Paths Syracuse Orange football → education.educational_institution.sports_teams, educa-

tion.educational_institution.mascot → Syracuse University Otto the Orange

Ranked Top-5
Super-Path

Syracuse Orange football → education.educational_institution.sports_teams, educa-
tion.educational_institution.mascot
Syracuse Orange football → sports.sports_team.arena_stadium
Syracuse Orange football → sports.sports_team.colors
Syracuse Orange football → sports.school_sports_team.school
Syracuse Orange football → sports.school_sports_team.athletics_brand

Constraint Description The answer is a university
The answer is a sports team

Constraint Verification
Super-Path

Syracuse Orange football → education.educational_institution.sports_teams, educa-
tion.educational_institution.mascot → Syracuse University Otto the Orange
Syracuse Orange football → sports.sports_team.arena_stadium → Carrier Dome
Syracuse Orange football → sports.sports_team.colors → Blue, White, Orange
Syracuse Orange football → sports.school_sports_team.athletics_brand → Syracuse Orange
Syracuse Orange football → sports.school_sports_team.school → Syracuse University

Answer Reasoning Otto the Orange, Syracuse Orange

Table 18: A representative reasoning failure case study from the CWQ dataset.

Prompt Template for Constraint Extraction

System Instruction: You are a constraint analyzer for a knowledge graph QA system. Given a
natural language question, extract constraints mentioned in the question.

Constraints are of the following types:
entity_type: Specifies the category of any entity mentioned in the question or the target answer.

relation: Captures a relational constraint in the question.

temporal: Involves a time condition that applies to any part of the question.

count: Involves a numerical quantity, comparison, or ordering relevant to any part of the question.

Each constraint must be a JSON object containing exactly the following three fields:
constraint_type: string, one of entity_type, relation, temporal, count.

description: a short natural language description of the constraint.

value: the concrete value of the constraint.

Output Format:
Output a JSON array of constraints extracted from the question. Do not introduce constraints beyond
the defined constraint types.

User:
Given Question: q

Figure 7: Prompt template used for constraint extraction.

8636



Prompt Template for Constraint Verification

System Instruction: You are an answer filter for a knowledge graph QA system. Given a question
and candidate paths formatted as (entity→ relation→ answer), score each path from 0.0 to 1.0 only
based on whether the tail answer entity matches the required answer type of the question.

Scoring Rules:
Focus only on the tail entity after the last→, ignoring intermediate entities and relations.

Score 1.0 if the answer entity type exactly matches the question requirement.

Score 0.0 if the entity type is clearly mismatched (e.g., date for person question).

Score 0.5 if the entity type is ambiguous or uncertain.

Output Requirement:
Output a pure JSON array of scores in the exact same order as candidate paths.

No explanation or additional text is allowed.

User:
Given Question: q

The answer should be: {constraint description}

Candidate answers: {Answer Set}

Figure 8: Prompt template used for constraint verification.

Prompt Template for Answer Reasoning

System Instruction: You are an excellent knowledge graph question-answering assistant. Given a
natural language question and multiple knowledge graph paths in the format (entity→ relation→
answer_candidate), select the correct answer(s) strictly following the rules below.

Decision Rules:
Judge each path against the question, since not all paths are correct.

If uncertain, use the first path’s answer as the default.

Copy answer values exactly as they appear after the last→ in each path.

If multiple answers exist, separate them using “|” only (no commas, no conjunctions, no punctuation).

Output only one line without any explanation.

User:
Given Question: q

Reasoning Paths: {Path Set}

Answers: {[ans1,ans2,...]}

Figure 9: Prompt template used for answer reasoning.
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