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Abstract

Large language models (LLMs) have recently
advanced knowledge graph question answer-
ing (KGQA), but current methods tend to rely
on LLM-induced type systems with inconsis-
tent granularity, or perform multi-hop reason-
ing without explicit target-type constraints. We
introduce OntGQA, a type-constrained KGQA
framework that reasons over a relation-centric
ontology graph, where each relation is labeled
with its head and tail entity types to provide a
stable schema backbone. Built on this graph,
OntGQA adopts a planner—judge architecture
with generative backoff: a type planner pro-
poses plausible head—tail type pairs, a judge
verifies retrieved candidates and their paths,
and a generator is invoked only when all can-
didates are rejected. By constraining both
endpoints of reasoning in type space, Ont-
GQA achieves state-of-the-art performance and
produces ontology-grounded reasoning chains,
with substantial Hit@1 gains (87.7%—91.5%
on WebQSP and 67.6%—74.6% on CWQ).

1 Introduction

Knowledge graph question answering (KGQA)
aims to answer natural language questions by rea-
soning over structured knowledge graphs (KGs),
and has been applied in domains such as health-
care (Frisoni et al., 2024), agriculture (Ting et al.,
2023), and multimedia (Chen et al., 2022; Liang
et al., 2024). With the rapid progress of large lan-
guage models (LLMs), there is a growing trend to
combine LLMs with KGs to understand questions,
design reasoning strategies, and guide path-based
search over the graph (Pan et al., 2024).

Existing path-based multi-hop methods mainly
follow two paradigms. Ontology-guided methods
prompt an LLM to construct an ontology from ob-
served relations and entity pairs, and then reason us-
ing a neighborhood ontology dictionary (Liu et al.,
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@ Question: Which country is Lionel Messi from?
Answer: Argentina
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Figure 1: Example of previous methods and OntGQA.
Solid lines indicate true reasoning paths, while dashed
lines indicate spurious or incorrect paths.

2025b). Subgraph-based methods reason over a
local subgraph rooted at the question entity, then
operate on its paths by retrieving related paths (Wen
et al., 2024; Sun et al., 2024), generating path hy-
potheses with LLMs (Luo et al., 2024, 2025), or
pruning noisy paths (Tan et al., 2025). By coupling
structured KG search with the semantic understand-
ing of LL.Ms, these approaches achieve strong em-
pirical performance on multi-hop reasoning tasks.

Despite these advances, two major challenges re-
main, as shown in Figure 1. First, LLM-based
ontology construction often suffers from granu-
larity inconsistency. Without unified constraints,
prior works may mix abstraction levels (e.g., Lionel
Messi labeled as Person, Footballer, and Athlete),
making the resulting ontologies hard to align. Sec-
ond, subgraph-based methods expand large neigh-
borhoods from the question entity and admit many
paths with incorrect target types into the candidate
space, which often leads to path explosion. These
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issues motivate explicit constraints on type granu-
larity and target types during multi-hop reasoning.

To tackle these challenges, we present OntGQA,
which performs reasoning with an Ontology Graph
for type-constrained knowledge graph Question
Answering. We build a reusable, relation-centric
ontology graph grounded in the canonical Freebase
type vocabulary, where each relation is labeled with
its head and tail entity types to provide a stable
schema backbone. On top of this resource, Ont-
GQA follows a planner—judge architecture with
generative backoff: a type planner predicts plau-
sible head—tail type pairs for a question; retrieved
candidates and their evidence paths are then ver-
ified by a judge, and a generator is invoked only
when all candidates are rejected. By constraining
both endpoints of reasoning in type space, OntGQA
narrows the search space, mitigates path explosion
from unconstrained neighborhood expansion, and
improves the robustness of multi-hop answers.

In summary, our contributions include:

* We construct a reusable relation-centric ontol-
ogy graph for Freebase, avoiding the instabil-
ity of LLM-induced ontologies and providing
a stable schema backbone for KGQA.

* We design a planner—judge architecture with
generative backoff that constrains both end-
points of reasoning in type space, improving
the precision and faithfulness of multi-hop
reasoning paths.

* OntGQA achieves state-of-the-art perfor-
mance on Freebase-based multi-hop QA
benchmarks while delivering interpretable,
ontology-grounded reasoning chains.

2 Preliminary

Knowledge Graph and Ontology Graph. A
knowledge graph G represents factual information
as triples of entities connected by relations. Its on-
tology graph O provides a type-level abstraction of
G, where the same set of relations is defined over
entity types. While G captures instance-level facts,
O offers a high-level semantic view by generalizing
entities to their associated types.

Relation Paths and Reasoning Paths. Rela-
tion paths are sequences of relations, defined as
z = (r1,72,...,7), where each r; € R denotes
the ¢-th relation in the path and [ is the path length.

Reasoning paths are concrete instantiations of rela-

tion paths in G, represented as sequences of triples
T,

w, = (eg Dyep B =% ).

Knowledge Graph Question Answering.
KGQA is a core reasoning task that leverages
structured knowledge to answer natural language
questions. Given a question ¢ and a knowledge
graph G = (£, R, T), the objective is to predict
the answers. Following previous studies (Jiang
et al., 2023; Luo et al., 2024), we assume valid
answers are reachable from the topic entities via
one or more reasoning paths in G.

3 Method

The overall architecture is shown in Figure 2. We
first construct a relation-centric ontology graph as
a schema backbone by linking each relation to its
head and tail types via data extraction, filtering,
and dataset-aware completion (Section 3.1). On
top of this graph, we design a planner—judge ar-
chitecture with generative backoff. The planner
predicts a head—tail type plan to guide candidate
and path retrieval, and the judge verifies candidate
answers and their paths, falling back to a generator
only when all are rejected (Section 3.2). Finally,
we introduce an optimization framework to jointly
train these components (Section 3.3).

3.1 Ontology Graph Construction

Entities connected by the same relation in a knowl-
edge graph often share similar types and attributes.
In large KGs, such regularities can be abstracted
into an ontology, providing a compact, schema-
level view. In multi-hop QA, questions exhibit
recurring type patterns, making answer-type infer-
ence easier and more reliable than direct entity
prediction. Motivated by this, we build an ontology
graph grounded in the Freebase type vocabulary,
mapping each relation to canonical head and tail
types to mitigate granularity inconsistency. The
left side of Figure 2 illustrates this abstraction from
the original KG to the ontology graph.

3.1.1 Data source and extraction.

Freebase aggregates facts from high-quality
open resources (e.g., Wikipedia (Wales and
Sanger, 2001), WordNet (Miller, 1995)) and re-
leases an RDF dump in N-Triples format (Mi-
crosoft, 2015). After downloading and decom-
pressing the dump, we process triples under
the canonical namespace http://rdf.freebase.
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Figure 2: An overview of the OntGQA model.

com/ns/. We extract property-level schema us-
ing type.property.schema and type.property.
expected_type, treating the former as the head
(subject) type and the latter as the tail (object) type.
We stream-parse the dump line by line, pair each
property’s domain and range, keep canonical iden-
tifiers, and record all entries.

3.1.2 Filtering and dataset-aware completion

Direct projection of head-relation—tail type sig-
natures from the RDF dump can be incomplete
or noisy. We remove non-semantic or adminis-
trative types (e.g., common. topic) and retain only
relations with complete head—tail signatures. To
improve coverage, we then perform dataset-aware
completion for a small number of missing or under-
specified relations (listed in Appendix D). For each
KGQA dataset, we aggregate head and tail entity
sets from the training split only and infer the corre-
sponding types for these relations. A completion is
accepted only when both sides can be inferred.

The resulting ontology graph is derived from
the Freebase schema rather than model predic-
tions, providing consistent type constraints across
Freebase-based QA datasets and shrinking the
search space for multi-hop reasoning. Unlike
entity-centric subgraph expansion, our retrieval
is anchored by fixed head and tail types, tightly
bounding admissible relation paths. Detailed pro-
cessing statistics (e.g., runtime and counts of
relation—type triples) are provided in Appendix D.

3.2 Planner—Judge Architecture with
Generative Backoff

Based on the constructed ontology graph, OntGQA
performs reasoning in three steps: (i) given a ques-
tion, a planner predicts plausible head—tail entity
type pairs; (ii) conditioned on these type plans,
we retrieve candidate answers and their reasoning
paths from the ontology graph O and the KG G;
and (iii) a judge determines whether each candidate
is correct, invoking a fallback generator only when
all candidates are rejected.

3.2.1 Step L. Ontology-Guided Planner

The planner outputs ontology-aligned head—tail en-
tity type pairs 7 = (15,, 7¢) as plans for a question
q. Treating type pairs as plans imposes explicit
endpoint constraints for multi-hop retrieval and
provides supervision that aligns the planner with
the canonical Freebase type vocabulary.

Constraint-induced posterior from graphs.
Given a question g with question entity e, and
gold answer e,, we extract the shortest factual path
w,(eq,ea) = (€q — -+ 5 e,) with relation se-
quence z = (71, ...,7;) in G. We use this shortest
path only as a minimal supervision signal. Aligning
z to the ontology graph O yields a head—tail type

transition (7, = 7;), which we treat as a valid

plan summarizing an ontology-consistent way to
reach e, from e,. We define a constraint-induced

10686



target distribution Q(7) over valid type pairs:

i TeT

Q(T) =~ Q(T | Q7eq7€aag7o) = { ‘T|, ’
0, otherwise.
(D
T =A{(mh, 1) : Fw.(eq,eq) € Gs.t. (13 = Tt) € (’)}
2

where we assume a uniform distribution over all
valid type pairs 7, following Luo et al. (2024), as
a simple and stable target.

Prior from an LLM. To leverage instruction-
following capabilities, we prompt an LL.M to gen-
erate a serialized list of type pairs (e.g., <PAIR>
T, <SEP> 74 </PAIR>). This defines a conditional
prior P, (7 | ¢) parameterized by the planner LLM,
which factorizes autoregressively as

I7|

log Py(7 | q) = Zlog Py(si| s<iyq) (3)
i=1

where Py(s; | s<i,q) is the next-token probability
under parameters ¢.

3.2.2 Step II. Plan-Conditioned Path Retrieval

Given the predicted type plans 7 = {(7, )} and
question entities £, C £, enumerating all KG paths
consistent with each (73, 7;) is intractable. We
therefore perform hop-wise retrieval under ontol-
ogy constraints. We first enumerate admissible
relation paths in the ontology graph O using the
endpoint types (75, 7¢) and then instantiate them in
the KG @ to obtain reasoning paths and candidate
answers.

We implement this retrieval strategy from 1-hop
to multi-hop paths:

* 1-hop templates. For each question en-
tity e, € &, we enumerate ontology-
licensed outgoing relations R (7,) = {r :
Ir'st. (1, = 1) € O}. For each r €
R*(71,), we instantiate KG edges and col-
lect the corresponding 1-hop reasoning paths
(eq =+ a'), where the terminal entity a’ is a
candidate answer.

e 2-hop with boundary gates. The first
hop is restricted to R*(7;,) and the second
hop to ontology-licensed incoming relations
R () = {r : I'st. (7' & 1) € O}
Concretely, we expand from e, using relations
in R*(7,,), and only keep 2-hop paths whose
second relation lies in R~ (7).

* Backoff to longer paths. If the union of 1-2
hop retrieval is empty, we back off to K=3
(and then K=4) under the same boundary
gates to recover recall on sparse graphs.

After retrieval, we deduplicate the obtained paths
and textualize each path as an evidence string
w,/, taking the terminal entity as the candidate
a'. Aggregating all (a’, w,/) for a plan 7 yields the
candidate—evidence set C(7, O, G) for downstream
judging or generation.

3.2.3 Step III. Judge with Generative Backoff

Judge. Given g, a retrieved candidate set .A(q),
and a small set of shortest textualized evidence
paths W, for each candidate o’ € A(g), the
judge prompts an instruction-tuned LLM to decide
whether o’ is a correct answer to ¢, outputting the
literal label YES or NO. We use balanced posi-
tives/negatives and a contrastive margin.

Let Vyes, Vo C V be tokenizer-derived sets of
single tokens for the two labels. For ¢ € {yes, no},
define the log probability mass assigned to label c:

EC(q> a//’ Wa/,) = log Z Pg(v ‘ q’ a//7 Wa/l) (4)
veEV,
where Py(- | -) is the LLM next-token distribution
with parameters 6. The signed margin is

m(Qa alv Wa’) = Eyes(Q, a/7 Wa’) - eno(q7 a/, Wa’)
)
with positive values favoring YES and negative
values favoring NO.
With a certainty threshold Apagin > 0, we ac-
cept high-confidence YES decisions and form the
judged answer list:

Judge(q) = {a’efl(q) :m>0 A |m| > Amargin }

(6)
Here, m > 0 denotes a YES decision, and |m| >
Amargin indicates that the model is highly confident
in the answer.

Generative backoff. If all candidates are rejected
or none are available, we invoke a generator Gen(q)
with a generation-style prompt to produce a fall-
back set from a single decode. The final answer set
is

if Judge(q) # &,

otherwise.

Alg) = {Judge(q)’ %)

Gen(q),
This design yields precise, evidence-grounded ac-

ceptance when the judge is confident, and resorts
to generation only as a last fallback.
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3.3 Optimization Framework

We formulate OntGQA as an optimization prob-
lem over three instruction-tuned modules: (i) a
type planner that predicts head-tail entity type pairs
7 = (7, 1¢) for a question g; (ii) a judge that veri-
fies candidate answers o’ € £ with their evidence
paths w,/; and (iii) a generator that directly pro-
duces a fallback answer when no candidate is ac-
cepted. The optimization objective is detailed in
Appendix A.

The planner is trained by minimizing the KL
divergence between the posterior in (1) and the
prior in (3):

»Cp]an = DKL(Q(T) H P(b(T | q)) = _% ;TIOg P¢>(T ‘ Q)
(8)

Here, P4(7 | q) is the planner prior with parame-
ters ¢; Q(7) is a variational posterior; Dy, denotes
Kullback-Leibler divergence.

The judge is trained with a listwise InfoNCE
objective over contrastively constructed positives
and negatives:

. _ L _ exp (éyes)
C_]udge = 4 a/%)q 10g oxp (Zyes)+ 2;\/ exp (fno)
a’e q

(&)
where V, = {d’ € A(q) : YES} and N, = {d’ €
,Z(q) : NO} are the positive/negative sets for ques-
tion ¢; /yes and £y, are judge logits for acceptance
and rejection in (4), respectively.

An optional generative backoff is trained by max-
imum likelihood:

»Cgen = —IOng(a | Q)

where a € & is the gold answer for ¢; P,,(a | q) is
the generator distribution with parameters w. The
generator may be trained separately, replaced with
a pretrained model, or invoked via an external APIL.
If fine-tuned jointly, w may share parameters with
the judge and the planner; otherwise, it denotes
frozen weights or API settings.

The overall training loss is the sum of the three
terms:

(10)

»Ctotal = »Cplan + »Cjudge + »Cgen (11)

4 Experiments

4.1 Experiment Settings

Datasets. We evaluate the reasoning performance
of OntGQA on two benchmark KGQA datasets:

WebQSP (Yih et al., 2016) and CWQ (Talmor and
Berant, 2018). Both datasets are built upon the
Freebase knowledge graph (Bollacker et al., 2008),
which contains roughly 88M entities, 20K relations,
and 126M factual triples. WebQSP includes 4,737
natural language questions focusing on relatively
simple reasoning, while CWQ comprises 34,689
more complex questions requiring up to four-hop
reasoning with compositional or constraint-based
queries. We follow the standard training and test
splits from prior work (Luo et al., 2024), and sum-
marize dataset statistics in Table 1.

Datasets #Train #Test Max #Hop #Relation
WebQSP 2,826 1,628 2 5726
CWQ 27,639 3,531 4 6576

Table 1: Statistics of the datasets.

Evaluation Metrics. Following prior work (Luo
et al., 2024), we mainly evaluate OntGQA with
Hit@1 and F1. Hit@1 is the fraction of questions
whose top-ranked prediction matches any gold an-
swer under the dataset’s normalization rules. F1
is macro-averaged over questions by computing
per-question precision and recall between the pre-
dicted and gold answer sets. In ablation studies, we
additionally report precision and recall to further
analyze answer coverage and accuracy.

Implementation details. OntGQA uses
LLaMAZ2-Chat-7B (Touvron et al., 2023) as the
backbone LLM and is instruction-tuned for three
epochs with a learning rate of 2e-5 on four A100-
40G GPUs. We use a fixed random seed and re-
port 95% confidence intervals (Cls) via single-seed
bootstrap over test predictions with 10,000 resam-
ples. At inference, the planner uses beam search to
output the top-3 entity type pairs per question. For
evidence retrieval, we cap reasoning depth based
on the hop statistics in Figure 7 (two hops on We-
bQSP and four on CWQ). In the judge module, we
set Amargin = 1.0 and provide a detailed hyperpa-
rameter analysis in Section G.

4.2 Main Results

We evaluate OntGQA on WebQSP and CWQ
against graph-only, LLM-only, and KG+LLM base-
lines to assess its multi-hop reasoning performance.
We consider two main variants: OntGQA (Llama-2-
7B), which jointly fine-tunes the planner and judge,
and OntGQA (Llama-2-7B + GPT-40), which
keeps Llama-2-7B frozen and invokes GPT-4o0 in
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WebQSP CWQ
Type Methods Hit@el F1 Hit@l F1
GraftNet (Sun et al., 2018) 667 624 368 327
Granh Reasoning  NSM (He etal., 2021) 687 628 476 424
P M€ SR+NSM (Zhang et al., 2022) 689 641 502 471
UniKGQA (Jiang et al., 2023) 772 722 512 49.1
Llama-2-7B (Touvron et al., 2023) 564 365 284 214
Llama-3.1-8B (Meta, 2024) 555 348 281 224
. ChatGPT (OpenAl, 2022) 593 435 347 302
LLMReasoning  pm 4 (OpenAL 2024) 61.8 436 382 329
DeepSeek-v3 (DeepSeek-Al et al., 2024) 640 439 41.1 338
ToG (GPT-4) (Sun et al., 2024) 826 — 676 —
RoG (Llama-2-7B) (Luo et al., 2024) 857 708 626 562
SymAgent (Llama-2-7B) (Liu et al., 2025a) 555 413 351 312
KG4LLM GNN-RAG (Llama-2-7B) (Mavromatis and Karypis, 2025) 85.7 71.3 66.8 594
ORT (GPT-40) (Liu et al., 2025b) 877 718 654 587
GCR (Llama-2-7B + GPT-40) (Luo et al., 2025) 875 715 660 585
OntGQA (Llama-2-7B + GPT-40) 915 766 738 558
OntGQA (Llama-2-7B) 915 771 746 568

Table 2: Comparison of methods on WebQSP and CWQ. The backbone model used by each method is shown in

parentheses.

the judge with generative backoff module. As
shown in Table 2, OntGQA achieves state-of-the-
art performance on both benchmarks. To further
assess the stability of these results, we report boot-
strap confidence intervals in Appendix E.

Compared with graph-reasoning models such as
UniKGQA, OntGQA improves Hit@1 by about 14
points on WebQSP and over 23 points on CWQ, in-
dicating that purely structural graph learning under-
utilizes the information available in the KG. Pure
LLM baselines also lag behind, with the best model
reaching at most 64.0% Hit@1 on WebQSP and
41.1% on CWQ, suggesting that free-form LLM
reasoning without explicit schema guidance strug-
gles to maintain accurate multi-hop grounding.

Within the KG+LLM family, OntGQA achieves
the strongest results. Relative to the best prior
KG+LLM systems, it improves Hit@1 by 3.8
points on WebQSP over ORT and by 7.0 points on
CWQ over ToG. Although OntGQA’s F1 on CWQ
(56.8%) is slightly below GNN-RAG (59.4%), this
largely reflects a precision—recall trade-off under
strict set matching: CWQ often has multi-answer
gold sets, and OntGQA may retrieve extra answers
beyond the gold set even when top-1 is correct. A
top-k diagnostic curve and a 50-case manual audit
support this explanation (Appendix F).

Overall, these results show that type-constrained
multi-hop reasoning in our ontology graph substan-

tially improves answer accuracy and yields a robust,
ontology-aligned reasoning framework.

4.3 Ablation Studies

We conduct ablation studies to assess the contribu-
tion of three key components in OntGQA: the gen-
erative backoff module, the judge module, and the
ontology graph. Since removing the judge requires
using the OpenAl API, we take OntGQA (Llama-
2-7B + GPT-40) as the reference benchmark. Ta-
ble 3 reports results on WebQSP and CWQ across
Hit@1, F1, Precision, and Recall.

w/o Backoff Analysis. Removing the generative
backoff module prevents the architecture from re-
covering answers that the judge fails to validate. As
shown in Table 3, all four metrics consistently drop
on both datasets, indicating that backoff effectively
recovers correct answers that either lack reachable
reasoning paths or are filtered out in earlier stages.

w/o Judge Analysis. Replacing the judge with
a purely generative decision makes the model di-
rectly output answers from GPT-4o given the re-
trieved candidates and reasoning paths. Although
precision increases, this variant reduces Hit@1 by
2.82% on WebQSP and 7.78% on CWQ, indicat-
ing that the model becomes overly conservative
and discards many low-confidence candidate an-
swers. Additionally, compared with GCR—which
similarly feeds candidates and reasoning paths into
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Method WebQSP CWQ

Hit@1 F1 Precision Recall | Hit@1 F1 Precision Recall
OntGQA 9146 76.59 75.38 86.52 | 73.80 55.84 52.95 69.94
w/o Backoff 89.68 75.27 73.97 85.00 | 67.77 50.76 47.50 64.69
w/o Judge 88.64 75.94 81.26 78.08 | 66.02 57.37 58.28 61.59
w/o Ontology Graph  86.55 74.98 77.30 79.09 | 57.07 48.41 49.07 52.69

Table 3: Ablation experiment results on WebQSP and CWQ.

an LLM—our approach remains more competitive,
highlighting that OntGQA already produces more
reliable candidates and paths before the judge.
w/o Ontology Graph Analysis. Without the on-
tology graph, the architecture cannot obtain type-
constrained relation paths from entity-type pairs.
For a fair comparison, we use RoG-generated rela-
tion paths as the planning component for the subse-
quent inference. Performance drops substantially
across all metrics on both datasets, confirming that
the ontology graph is crucial for retrieving type-
consistent reasoning paths, improving recall, and
ultimately enhancing overall QA performance.

4.4 Hop-wise Analysis of Boundary Gating

To further examine whether the effect of boundary
gating extends beyond fully constrained short-hop
cases, we conduct a hop-wise analysis on CWQ.
As shown in Figure 7, WebQSP contains only 1-2
hop questions, whereas CWQ includes a smaller
but non-negligible portion of >3-hop questions
(20.75%). We therefore perform the hop-wise anal-
ysis only on CWQ. Table 4 reports two complemen-
tary perspectives: hop-wise performance for both
final answers and reasoning paths before answer
generation, and the average number of candidate
paths with and without boundary gating.

The results show that OntGQA remains effec-
tive on the >3-hop subsets rather than benefiting
only from short-hop questions. For final answers,
OntGQA achieves Hit@1/F1 of 67.02/52.57 on
3-hop questions and 59.52/47.38 on 4-hop ques-
tions. At the reasoning-path level, Hit@1 also
remains high across hop buckets, suggesting that
ontology-guided retrieval can still identify useful
paths even when intermediate hops are only par-
tially constrained. At the same time, boundary
gating is critical for tractability. Removing the
boundary gates leads to severe candidate-path ex-
plosion, increasing the average number of candi-
date paths from 170.77 to 114,849.10 overall, with
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Figure 3: Stage-wise performance comparison of RoG,
GCR, and OntGQA.

particularly sharp growth on the longer-hop sub-
sets. These results indicate that boundary gating is
important not only for preserving answer quality,
but also for keeping multi-hop retrieval computa-
tionally manageable.

4.5 Stage-wise Performance

We conduct a stage-wise comparison with RoG
and GCR to quantify the contribution of each Ont-
GQA component beyond strong KG-LLM base-
lines, where the average bars report the mean per-
formance across WebQSP and CWQ.

At the plan generation stage, RoG and GCR di-
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(a) Hop-wise performance on CWQ

Result Type Metric Overall 1-hop 2-hop 3-hop 4-hop
Final answers Hit@1 73.80 83.59 82.19 67.02 59.52
F1 55.84 56.74 63.75 52.57 47.38
Reasonine paths Hit@1 94.37 96.69 94.01 81.91 95.24
p Fl 23.26 8.18 29.58 19.96 28.67
(b) Candidate-path explosion on CWQ
Model Overall 1-hop 2-hop 3-hop 4-hop
OntGQA 170.77 341.12 107.14 80.12 42.88
w/o Boundary gates 114849.10 204776.85 75317.65 138404.72 154345.74
Table 4: Hop-wise performance and candidate-path explosion on CWQ.
Types Variants WebQSP cwWQ Metric GCR  OntGQA
Hit@l F1 Hit@l Fl Fine-tuning samples on WebQSP 28,307 19,692
Only Qwen2-1.5B  89.93 7627 7035 51.61 Fine-tuning samples on CWQ 181,602 100,693
fine-tuned  QWen2-7B - 90.66  79.06 7491  58.46 Fine-tuning time (GPU hours) 13.93 7.90
Llama-2-7B ~ 91.52  77.11 7457  56.76 Average inference runtime (s) 3.60 2.57
Fine-tuned GPT-40 9146 7659 73.80 5584
+prompt  DeepSeek-v3 9146  76.64 7321  55.11

Table 5: Performance of different model variants on
WebQSP and CWQ.

rectly decode relation paths, whereas OntGQA pre-
dicts head—tail entity-type pairs and derives type-
constrained paths. As shown in Figure 3, OntGQA
achieves the highest average Hit@1 and F1, indi-
cating that type-based planning is more stable and
informative than generating full relation paths.

The candidate generation stage evaluates the
quality of retrieved answer sets before making final
predictions. OntGQA achieves the best Hit@1 but
a lower F1, deliberately producing a high-recall,
low-precision candidate pool where correct an-
swers are usually covered but mixed with many
distractors. This motivates a dedicated judge rather
than aggressive pruning during generation.

At the answer generation stage, OntGQA sur-
passes both RoG and GCR in Hit@1 and FI,
demonstrating the effectiveness of our ontology-
guided design. By constraining both endpoints
of reasoning in type space and combining a plan-
ner—judge architecture with generative backoff,
OntGQA delivers consistent gains over existing
pipelines at every stage.

Table 6: Efficiency comparison of different methods.

4.6 Variant Performance

Table 5 reports the effect of different backbone
LLMs in our framework on WebQSP and CWQ.
Among the purely fine-tuned open-source mod-
els, Qwen2-7B delivers the best overall F1 and a
strong balance across both datasets. Using API-
based models with our prompts does not bring
further gains: GPT-40 and DeepSeek-v3 achieve
similar Hit@1 but lower F1 scores, especially
on CWQ. This suggests that our ontology-guided
framework can already make effective use of super-
vision with a moderate-size open-source backbone,
and stronger proprietary LLMs offer only limited
additional benefit.

4.7 Efficiency Analysis

Table 6 summarizes the fine-tuning and inference
costs of GCR and OntGQA. GCR enumerates all
shortest KG reasoning paths for each question and
creates one training instance per path. OntGQA
instead collapses these paths into entity-type pairs,
yielding 4,288 and 34,293 planner supervisions on
WebQSP and CWQ. It then constructs a balanced
contrastive judge set by pairing each positive with
one negative (7,702x2 on WebQSP and 33,200x2
on CWQ). Thus, the total number of fine-tuning
samples is 4,288+7,702x2=19,692 on WebQSP
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and 34,293+33,200x2=100,693 on CWQ, consis-
tent with Table 6. Overall, OntGQA uses roughly
30-45% fewer training samples than GCR and re-
duces training time to 7.9 GPU hours. At inference
time, OntGQA achieves its best performance with
an average runtime of 2.57 seconds, which is both
faster and more economical than GCR. These gains
stem from our ontology graph, which enables rea-
soning in a compact type space and supports an
efficient judge without enumerating KG paths.

5 Related Work

Knowledge-graph question answering (KGQA).
Early studies explored compact neural represen-
tations that map entities and relations into vec-
tor spaces (e.g., KV-Mem (Miller et al., 2016);
NSM (He et al., 2021)) and retrieval-style architec-
tures that explicitly assemble subgraphs or paths
for inference (e.g., GraftNet (Sun et al., 2018); SR
(Zhang et al., 2022). While effective for single-
hop or shallow compositions, these models often
underutilize long-range structure and struggle to
maintain faithfulness in multi-hop reasoning. With
the advent of large language models (LLMs), fine-
tuned approaches such as RoG (Luo et al., 2024),
UniKGQA (Jiang et al., 2023), and DeCAF (Yu
et al., 2022) achieve strong compositional reason-
ing by learning to produce paths and answers end-
to-end. In parallel, training-free prompting meth-
ods (e.g., MindMap (Wen et al., 2024); relation-
inventory prompting (Chen et al., 2024)) reduce
engineering overhead by steering a frozen LLM to
explore the KG, yet they often lack deep structural
grounding, yielding noisy or incomplete paths and
unstable answers under KG sparsity.
LLM-Ontology Integration. Research on in-
tegrating LLMs with ontologies has accelerated,
spanning ontology construction (Cohen et al.,
2023; Funk et al., 2023), enhancement (Zaitoun
et al., 2023; Toro et al., 2024) and learning
(Babaei Giglou et al., 2023). Foundationally,
Chen and Zhao (2018) extract domain knowl-
edge from Freebase RDF dumps to build seman-
tic bases with high precision and coverage, while
Kommineni et al. (2024) propose a capability-
question—driven, semi-automated ontology con-
struction workflow—together establishing feasibil-
ity and an engineering substrate for downstream
tasks. For KGQA, Jiang et al. (2025) and Liu
etal. (2025b) introduce an ontology-guided prompt-
ing strategy and a reverse-thinking framework to

strengthen multi-hop reasoning and generalization,
and OntoTune (Liu et al., 2025¢) aligns LLMs
to domain ontologies via ontology-driven self-
training to enhance organization and interpretabil-
ity. Despite these advances, most approaches de-
pend on prompt engineering and model-internal
knowledge, leaving them vulnerable to hallucina-
tion and consistency issues and unable to substitute
expert-curated ontologies and community consen-
sus.

6 Conclusion

In this paper, we construct a reusable, relation-
centric ontology graph for Freebase and propose a
Planner—Judge architecture with generative backoff
for multi-hop knowledge graph question answering.
The planner predicts head—tail type pairs, the ontol-
ogy graph then guides the retrieval of candidate an-
swers and reasoning paths, and the judge—generator
module selects or generates the final answer. Ex-
perimental results show that our method improves
answer accuracy and coverage, and the resulting
ontology graph can be directly reused across all
datasets built on Freebase.

Limitations

In this work, we highlight two main directions
for improvement. First, our ontology graph is
instantiated only on Freebase and evaluated on
WebQSP and CWQ, so assessing the portability
of the ontology construction pipeline and plan-
ner—judge architecture to other KGs (e.g., DBpedia
or domain-specific graphs) remains an important di-
rection. Second, OntGQA assumes an offline, pre-
computed ontology and moderate-size LLM back-
bones; extending it to dynamically evolving KGs
and schemas is a promising avenue for future work.

Ethical Considerations

This work does not raise significant ethical con-
cerns. All data and models used in this paper are
publicly available and are used in accordance with
their respective licenses, including the Creative
Commons BY 4.0 License, the MIT License, the
Apache License 2.0, and the LLaMA 2 Commu-
nity License Agreement. Potential risks are limited
but include reliance on external LLM APIs and the
possibility of generating plausible yet incorrect rea-
soning chains; we mitigate these risks through type
constraints and evidence-based judging.
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A Optimization Objective

For each plan T, retrieval returns a set of candidate—
evidence pairs C(7, 0, G) = {(a’, wy)}. We form
the planner—judge answer distribution by marginal-
izing planning uncertainty and aggregating judged
candidates:

Pyi(a) =Y Py(r | ) >

dla=d] Py(1|g,d’,wy)
T€T (a/,w,r)eC(T,0,G) v

Judge(YES)

(12)
where 7 = (m,,7¢) € T is the head-tail type
pair predicted by the planner; Py(7 | ¢) is the
planner prior over type pairs; C(7, O, G) is the set
of candidate—evidence pairs instantiated on G by
ontology-compatible relation paths from the ques-
tion entity of ¢; each element contains a candidate
entity o’ € £ and an evidence multiset of reason-
ing paths w, = {wl,,...,w™} (m > 1); §[]
is the Kronecker delta selecting the mass for a;
and Py(1 | ¢,a’,wy) is the judge’s acceptance
probability for candidate a’ given evidence wy.
The inner sum aggregates path-level acceptance
for each candidate, and the outer sum marginalizes
over plans.

Type planner

B Prompt Template

OntGQA relies on three instruction-style prompt
templates, one for each module. The ontology-
guided type planner uses the template in Figure 4,
the judge module adopts the verification template
in Figure 5, and the generator module leverages the
fallback generation template in Figure 6.

Ontology-Guided Planner

Input:

<TASK: TYPE_PAIRS>

Please generate a valid type pair that can be helpful
for answering the following question:

Question: [Question]

Output:

<PAIR> [Head type] <SEP> [Tail type] </PAIR>

Figure 4: Prompt template for the ontology-guided type
planner.

C Datasets Statistics

In Figure 7, we further report the distribution of
question hops on WebQSP and CWQ. On WebQSP,
the vast majority of questions are relatively shallow,
with 65.49% of questions solvable with a single
reasoning hop and the remaining 34.51% requiring

Input:

You are a strict judge for knowledge-graph QA. Given
a QUESTION, a CANDIDATE answer, and its EVI-
DENCE PATHS (if any), decide whether the candi-
date is a correct final answer to the question. Return
strictly one token: "YES" or "NO". No explanations.
Question: [Question]

Candidate: [Candidate answer]

Evidence paths: [Evidence paths]

Output:

[YES/NO]

Figure 5: Prompt template for the judge module.

Generator

Input:

<TASK: ANSWERS>

Please generate ALL correct answer entities for the
following question:

Question: [Question]

Output:

[Answers]

Figure 6: Prompt template for the generator module.

WebQSP

2

CWQ

20.75%

@«

=] hop = 2hop

= lhop = 2hop = >3 hop ' >3 hop

Figure 7: Statistics of the question hops in WebQSP and
CWQ.

two hops; no questions in our analysis fall into
the category of three or more hops. In contrast,
CWQ exhibits a much heavier multi-hop bias: only
40.91% of questions are 1-hop, 38.34% require 2
hops, and as many as 20.75% involve at least 3
hops. These statistics highlight that CWQ contains
substantially more compositional and long-range
reasoning queries than WebQSP, motivating the
different maximum reasoning depths used for the
two datasets.

D Ontology Graph Statistics

Table 8 summarizes the statistics of the ontol-
ogy graph construction pipeline. On a single
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Category Relation

kp_Iw.philosopher.main_interests
meteorology.tropical_cyclone.strongest_storm_of
kp_lw.philosophy_influencer.influencee
base.sportbase.sport_sport_club.player_role

owl#inverseOf

location.australian_state.premiers
sports.sports_team.rivalry
kp_Iw.philosopher.influenced_by
base.saturdaynightlive.snl_musical_performance.song

Common to both datasets (19)

location.australian_state.governors

time.participant.event
kp_Iw.philosophy_influencee.influencer
kp_lw.philosopher.region
time.event.participant
kp_lw.philosopher.era
time.event.previous_in_series
kp_lw.philosopher.school
time.event.next_in_series
sports.team_rivalry.team

CWQ only (2)

biology.organism_classification.lower_classification_closure
kp_lw.philosopher.influenced

WebQSP only (0) —

Table 7: Missing or under-specified relations in the RDF dump, consolidated across datasets. Duplicates are merged

into the "Common to both datasets" group.

Item Value
Property—schema entries (single machine) 71,210
Total pipeline time (single machine) ~193h
Missing relations detected in CWQ 21
Missing relations detected in WebQSP 19
Relations missing in both datasets 19
Relations in ontology graph 32,195
Entity types in ontology graph 12,369

Table 8: Statistics of the ontology construction pipeline.

machine, the pipeline extracts 71,210 property-
schema entries and takes approximately 6,958
seconds (=1.93 hours). After filtering non-
semantic/administrative types, we obtain an initial
set of relations with complete head—tail type sig-
natures, which constitutes the main body of our
ontology graph.

We additionally audit KGQA datasets to identify
relations whose head—tail signatures are missing or
under-specified in the RDF-derived schema. This
set is small: CWQ contains 21 such relations and
WebQSP contains 19, of which 19 are common to
both datasets (Table 7). For these relations only,
we perform dataset-aware completion using train-
ing splits exclusively to avoid test leakage. Con-
cretely, for each identified relation, we aggregate
the head-entity set and tail-entity set observed in
training triples/questions, infer their corresponding
Freebase types, and accept a completion only when
both head and tail types can be inferred. Since com-
pletion touches only a limited number of relations

relative to the full ontology (32,195 relations in
total), it primarily improves schema completeness
and coverage for rare relations; removing this step
affects only this small subset.

The final ontology graph contains 32,195 re-
lations and 12,369 entity types. A consolidated
list of missing/under-specified relations, grouped
by whether they are common to both datasets or
unique to one, is reported in Table 7. To facili-
tate reproducibility and further research, we will
publicly release the constructed ontology graph
(relation—type triples) together with the full list of
completed relations upon publication.

E Bootstrap Confidence Intervals for
Main Results

To assess the stability of the reported results, we
further compute 95% confidence intervals (Cls)
for Hit@1 and F1 using a single-seed bootstrap
over test predictions. As shown in Table 9, the in-
tervals are reasonably tight on both WebQSP and
CWAQ, indicating that the reported performance is
stable under test-set resampling. Notably, both Ont-
GQA variants achieve consistently narrow intervals
across datasets and metrics, which provides addi-
tional evidence that the observed improvements are
not caused by incidental variation on the test set.
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Model WebQSP Hit@1

WebQSP F1

CWQ Hit@1 CWQF1

OntGQA (Llama-2-7B + GPT-40) 91.46 [90.11, 92.75]
OntGQA (Llama-2-7B) 91.52[89.77, 93.18]

76.59 [75.02, 78.19]
77.11[75.11, 79.10]

73.80[72.39, 75.22]
74.57 [73.15, 75.98]

55.84 [54.52, 57.16]
56.76 [55.44, 58.11]

Table 9: 95% confidence intervals (Cls) for OntGQA, estimated via single-seed bootstrap over test predictions with

10,000 resamples.
k | Hit F1  Precision Recall
1 | 549 47.0 54.9 45.0
2 | 66.1 529 54.4 57.8
31705 549 54.0 63.6
5 | 73.0 56.1 53.7 67.9
10 | 74.3 56.7 53.6 70.4
Table 10: CWQ top-k diagnostic curve for Ont-

GQA (macro-averaged). Increasing k improves re-
call/hit while precision decreases mildly, illustrating
the precision—recall trade-off under set-based evalua-
tion.

F CWQ Hit@1-F1 Diagnostics

Why Hit@1 can increase while F1 decreases on
CWQ. CWQ uses set-based evaluation, where re-
turning additional candidates can reduce precision
and thus F1 even when the top prediction is correct.
This effect is amplified because CWQ frequently
contains multi-answer questions: 47.3% of ques-
tions have exactly one gold answer, while 16.1%
have at least five. Therefore, methods that favor
higher recall (e.g., outputting multiple candidates
to avoid missing gold answers) may achieve higher
Hit@1 but slightly lower F1.

Diagnostics. Table 10 reports a top-k diagnostic
curve of OntGQA on CWQ, showing the expected
recall gain with increasing & under a modest preci-
sion drop. To further understand cases where top-1
is correct but F1 is penalized, we conduct a manual
audit of 200 sampled instances. As summarized
in Table 11, most penalties come from incorrect
predictions (81.5%), while the remainder mainly
arise from evaluation-confounding factors such as
ambiguous intent, surface-form aliasing, and miss-
ing gold labels. These cases can reduce set-based
F1 even when Hit@1 improves.

G Sensitivity to the Judge Margin

Figure 8 reports the effect of the judge margin 7
on Hit@1 and F1 for WebQSP and CWQ. On We-
bQSP, increasing 7 from 0 to 2 slightly decreases
Hit@1 (from ~ 92 to ~ 90) while F1 steadily im-
proves and peaks around 7 = 2 (~ 78). Larger

Penalty Source Count (#) Proportion (%)
Incorrect Predictions 163 81.5
Ambiguous Intent 17 8.5
Surface Form Alias 16 8.0
Missing Gold Labels 4 2.0

Total 200 100.0

Table 11: Manual audit of 200 CWQ cases with set-
based F1 penalties despite correct top-1 predictions.
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Figure 8: Effect of the margin threshold in WebQSP
and CWQ.

values make the judge overly conservative, causing
both metrics to drop. CWQ exhibits a similar pat-
tern: Hit@ 1 monotonically decreases as 7 grows,
whereas F1 gently rises and reaches its maximum
around 7 € [2,2.5] (~ 57) before declining again.

Overall, 7 controls the trade-off between retain-
ing more candidate paths (low 7, higher recall) and
aggressively filtering noisy paths (high 7, higher
precision but lower recall). Since both datasets
show relatively stable performance for 7 in a mod-
erate range and 7 = 1 offers a good balance between
high Hit@1 and competitive F1, we fix 7=1 in all
main experiments.
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