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Abstract

Large Language Models (LLMs) have shown
great potential in Knowledge Base Ques-
tion Answering (KBQA) via semantic pars-
ing. However, existing retrieval-augmented ap-
proaches typically retrieve entities and relations
in isolation based solely on semantic similar-
ity, ignoring the structural information of the
Knowledge Base (KB) and the question. To ad-
dress this limitation, we propose SELF-KBQA
(Subgraph-Guided Executable Logical Form
Generation), a novel framework that empowers
LLMs to generate logical forms conditioned
on structurally aligned and semantically rele-
vant subgraphs. Specifically, we introduce a
structure-aware subgraph retrieval stage that
ranks candidate subgraphs by aligning them
with the question’s structure, along with seman-
tic relevance. Subsequently, we employ a token-
budgeted evidence condensation strategy to dis-
till the top-ranked subgraphs into compact con-
texts for the generation stage. Extensive exper-
iments on GrailQA, WebQSP, and GraphQues-
tions demonstrate that SELF-KBQA achieves
state-of-the-art performance.

1 Introduction

Large-scale Knowledge Bases (KBs) such as DBpe-
dia (Auer et al., 2007), FreeBase (Bollacker et al.,
2008), and Wikidata (VrandeCi¢ and Krotzsch,
2014) contain millions of factual triples. Knowl-
edge Base Question Answering (KBQA) is a fun-
damental task that aims to answer natural lan-
guage questions based on the knowledge from the
KBs (Lan et al., 2022).

With the rise of Large Language Models
(LLMs) (Zhao et al., 2023), two main paradigms
have emerged: (i) direct answer generation, where
the LLM retrieves KB-relevant information and
generates an answer (Sun et al., 2024; Chen et al.,
2024; He et al., 2024; Mavromatis and Karypis,
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Figure 1: Comparison between current methods and our
method. Identifiers such as m.@ddt_ denote entity IDs
in the KB.

2025; Sui et al., 2025; Li et al., 2024a); and (ii)
semantic parsing, where the model generates an ex-
ecutable logical form (e.g., SPARQL (Pérez et al.,
2009) or S-expressions (Gu et al., 2021)) that is
executed against the KB to obtain the answer (Li
et al., 2023; Nie et al., 2024a; Luo et al., 2024;
Tian et al., 2024, 2025; Gao et al., 2025). The se-
mantic parsing approach is adopted to achieve high
precision through executable logical forms and to
provide inherent interpretability for transparent er-
ror localization (Lan et al., 2021).

Early LLM-based semantic parsing ap-
proaches typically adopt a generate-then-retrieve
paradigm (Luo et al., 2024). Due to the lack of
direct access to the knowledge base, LLMs often
generate incorrect entities or non-existent relations
in the logical form generation stage. To mitigate
this issue, recent methods (Nie et al., 2024a; Tian
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et al., 2024; Gao et al., 2025; Tian et al., 2025; Li
et al., 2026b) retrieve question-relevant entities
and relations from the knowledge base prior to
generation, thereby providing question-related
context and reducing factual errors in the generated
logical forms.

Although current retrieval-augmented methods
alleviate errors in LLM-generated logical forms,
they typically retrieve entities and relations in iso-
lation and ignore the structural information of the
KB; consequently, they fail to capture the corre-
spondence between a question’s implicit logical
structure and the KB structure, which is a major
limitation. For example, as shown in the upper part
of Figure 1, consider the question “What character
did natalie portman play in star wars?”. Existing
methods rank candidate entities and relations pri-
marily by semantic similarity, thereby overlooking
the crucial relation film.performance.film. This pre-
vents the LLM from generating the correct logical
form. In fact, a KBQA question can be mapped
to a subgraph within the KB. For this question,
the corresponding graph structure consists of the
answer entity connected to the topic entity “Star
Wars” and “Natalie Portman”, which can be sim-
plified as Entity_1 < answer_entity <— Entity_2,
as shown in the lower part of Figure 1. If we in-
corporate the KB’s structural information during
retrieval by retrieving from structured subgraphs
and considering both semantic relevance and struc-
tural alignment between questions and subgraphs,
the retrieved results will better support generating
the correct logical form.

To address this problem, we propose SELF-
KBQA (Subgraph-Guided Executable Logical
Form Generation for Knowledge Base Question
Answering), a framework that enables LLMs to
generate logical forms under the guidance of
question-relevant subgraphs that are both struc-
turally aligned and semantically relevant. SELF-
KBQA addresses this problem through a two-stage
design. In the Structure-aware Subgraph Re-
trieval stage, we enumerate subgraph candidates
starting from entity mentions and rank them along
both structural and semantic dimensions. Specifi-
cally, for the structural dimension, we first predict a
logical structure from the natural language question
(e.g., topic_entity — mid_entity — answer_entity).
We then score and rank candidate subgraphs based
on two criteria: structural similarity to the predicted
logical structure and semantic similarity to the ques-
tion. In the Subgraph-conditioned Logical Form

Generation stage, we employ a token-budgeted
evidence condensation strategy to distill the top-
ranked subgraphs into compact subgraph context,
which is then used to guide the LLM in generating
the correct logical form.

The main contributions of this work are three-
fold:

* We propose SELF-KBQA, a novel framework
that formulates KBQA as subgraph-guided
logical form generation.

* We design a structure-aware retrieval strategy
that ranks subgraphs based on both their struc-
tural similarity to the question’s logical struc-
ture and semantic consistency.

* Extensive experiments on GrailQA, WebQSP,
and GraphQuestions demonstrate that SELF-
KBQA achieves state-of-the-art performance,
validating the effectiveness of our method.

2 Related Work

Semantic Parsing for KBQA. Semantic
parsing-based KBQA translates natural language
questions into executable logical forms (e.g.,
SPARQL) (Pérez et al., 2009; Gu et al., 2021).
Recently, Large Language Models (LLMs) have
advanced the paradigm through few-shot prompt-
ing (Li et al., 2023) and code-style generation (Nie
et al., 2024a; Luo et al., 2024). However, without
explicit grounding in the KB structure, direct
generation often suffers from schema hallucination,
producing plausible but non-existent relations (Lan
et al., 2021; Tian et al., 2025). This underscores
the necessity of retrieval-augmented strategies to
ground generation in valid evidence.

Retrieval-Augmented Generation for Semantic-
based KBQA. To mitigate errors, recent KBQA
methods retrieve knowledge from the KB to con-
strain the search space (Liu et al., 2023; Li et al.,
2026a). Early approaches treated KB knowl-
edge as unstructured text, such as linearizing
triples (Yu et al., 2023) or retrieving isolated
schema items (Shu et al., 2022), which often lose
explicit structural information. To better capture
connectivity, later work adopted path-based re-
trieval, including ranking candidate paths (Ye et al.,
2022) and iterative hop-by-hop searches (Hu et al.,
2022; Feng and He, 2025). SG-KBQA (Gao et al.,
2025) further introduces schema-first retrieval with
deferred entity disambiguation. However, these
methods still struggle to model the global structural
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connectivity required by complex queries, as they
rely on restricted path templates or greedy local
decisions. In contrast, SELF-KBQA retrieves and
prioritizes subgraphs by jointly considering their
structural compatibility with the question logic
and their semantic relevance, providing more com-
prehensive context for the LLM.

3 Preliminaries

In this section, we will introduce the two key com-
ponents of a KBQA system: a Knowledge Base
(KB) and Logical Forms.

Knowledge Base (KB) . A Knowledge Base
stores knowledge as triples (s, 7, 0), where s is an
entity, r is a relation (predicate), and o is either
an entity or a literal. Literals represent attribute
values (e.g., strings, numbers, dates) and typically
appear only in the object position, since the subject
is usually required to be an identifiable entity that
can participate in further relations. The

Logical Forms. A logical form is an executable
query over a KB that retrieves answers to a
natural language question, such as SPARQL
or S-Expressions. We focus on S-Expressions,
which are compact Lisp-style queries writ-
ten in prefix notation, where each expression
compositionally denotes a set of entities (or a
value). For example, (AND common.image (JOIN
common. image . appears_in_topic_gallery
m.@4qgs1r)) is an S-Expression in which JOIN
performs a one-hop traversal, i.e., (JOIN r e)
returns entities « such that (x,r, e) holds in the
KB, and AND computes the intersection of entity
sets. m.0@4qs1r denotes entity in the KB. Details
of all operators are provided in Appendix A.

4 Methodology

SELF-KBQA consists of two stages: Structure-
aware Subgraph Retrieval and Subgraph-
conditioned Logical Form Generation, as shown
in Figure 2. In the first stage, we retrieve and
rank candidate subgraphs from the knowledge base
and jointly consider structural compatibility and se-
mantic relevance according to the question. In the
second stage, conditioned on the question and the
ranked subgraph candidates, an LLM is employed
to generate executable logical forms.

4.1 Structure-aware Subgraph Retrieval

In this stage, for a given question, we predict a
logical structure and retrieve subgraphs from the

KB. Subsequently, we rank these subgraphs us-
ing a joint objective that explicitly evaluates struc-
tural compatibility by quantifying the alignment
between each candidate and the predicted structure,
together with multi-granular semantic relevance.

4.1.1 Question-Guided Core Reasoning
Pattern Prediction

In knowledge base question answering, the logi-
cal form underlying a question typically follows
a relational structure that connects the topic en-
tity to the answer entity. We refer to this struc-
ture as the core reasoning pattern (CRP), which
captures the reasoning pattern of the question.

For example, given the question “What kind of

money to take to Bahamas?”, the logical form is

(JOIN (R location.country.currency_used)

m.@160w). The corresponding CRP is topic_entity

— answer_entity, reflecting that a single relation

connects the topic entity (Bahamas) to the answer

entity.

In this work, we restrict CRP patterns to at most
two hops (i.e., single-hop and two-hop patterns,
as well as answer-centered variants). This choice
is mainly motivated by the hop distribution of the
benchmarks we consider (see Appendix B), while
keeping the framework extensible to longer-hop
patterns when needed. We define patterns as fol-
lows:

* Single-hop: Direct connection via e; — e, or
et < €q.

e Two-hop: Connection via e,, (4 directions):
€t —> Em —> €q, €4 —> Ey — €q, €1 S €y —> €q,
and e; < e, < eg,.

* Answer-centered: ¢, acts as a bridge: e; —
€q —7 €2,€1 < €4 < €2,0Ir €1 — €4 < €9.
Given a question, our goal is to predict its corre-

sponding CRP based solely on the question text. To

this end, we extract the gold CRP from annotated
logical forms and formulate CRP prediction as a se-
quence generation task. Specifically, we fine-tune

a lightweight sequence-to-sequence model, Flan-

T5-base, to generate the CRP pattern conditioned

on the input question.

Extensibility of CRP Patterns. The current CRP
patterns are restricted to at most two hops, which
empirically covers the vast majority of benchmark
questions (100% of WebQSP, 94.90% of GrailQA,
and 92.43% of GraphQuestions; see Appendix B).
Importantly, the CRP design is declarative and
modular: each pattern is defined by a hop count
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Figure 2: Overview of SELF-KBQA. The framework consists of two stages: (Left) Structure-aware Subgraph
Retrieval, which predicts a Core Reasoning Pattern (CRP) from the question, enumerates candidate subgraphs
from the KB, and ranks them by jointly considering structural compatibility and semantic relevance; (Right)
Subgraph-conditioned Generation, which condenses the top-ranked subgraphs under a token budget and feeds them

to a fine-tuned LLM to produce executable logical forms.

and a sequence of edge directions, independent of
KB-specific relation names. Extending to longer
reasoning chains (e.g., 3-hop patterns such as
e — em; — €em, — €g) or additional anchor
entities only requires augmenting the pattern set;
the subgraph enumeration, ranking, and generation
modules remain unchanged. Furthermore, since
CRP patterns are defined at the level of graph topol-
ogy (nodes and directed edges), they are transfer-
able across different KBs. For example, Wikidata’s
statement-qualifier structure is topologically anal-
ogous to Freebase’s CVT nodes, both realizing a
two-hop topology from topic to answer via an in-
termediate node. We provide empirical cross-KB
evidence and further discussion in Appendix O.

4.1.2 Subgraph Enumeration

For each question ¢, we can obtain a set of can-
didate entities ' from the entity mention in the
question. Then, in this stage, we enumerate candi-
date subgraphs by expanding from each entity in £
under a fixed set of reasoning patterns mentioned
above. In our setting, a subgraph consists of a topic
entity, relations, and adjacent entities (following
the hop and direction constraints of the template).
Starting from the topic entity, a single relation may
connect to multiple adjacent entities. Since the
concrete adjacent entities are often unnecessary for
LLM-based logical-form generation, we replace
them with an abstract placeholder node represent-
ing the adjacent type. By doing so, we increase
the information density of the retrieved subgraphs,
which helps logical-form generation. For exam-

ple, we use an abstract adjacent node to represent
the set of member countries: United Kingdom —
base.locations.continents.countries_with
in->base.locations.countries.

Specifically, for each entity e € E, we instan-
tiate all CRP patterns and traverse the knowledge
base accordingly, as shown in Figure 2. If the ques-
tion contains a single entity mention, we enumerate
all one-hop and two-hop subgraphs for each entity
in the corresponding entity set. When the ques-
tion contains two entity mentions, in addition to
enumerating subgraphs centered at each entity in-
dividually, we also consider subgraphs that jointly
include both entity mentions. For example, in Fig-
ure 2, for the question “What character did Natalie
Portman play in Star Wars?”, two entity mentions,
Star Wars and Natalie Portman, are identified. Ac-
cordingly, we enumerate not only the subgraphs
centered at Star Wars and Natalie Portman sepa-
rately, but also subgraphs that contain both entities.

4.1.3 Subgraph Ranking

Given the enumerated candidate subgraphs, this
stage aims to identify the most relevant ones for
logical form generation. We rank subgraphs by
jointly considering their structural compatibility
and semantic relevance according to the question.

Structural Compatibility. We define a soft struc-
tural compatibility score to measure how well a
candidate subgraph g aligns with the predicted
Core Reasoning Pattern (CRP). Let Sgyuct(g) de-
note the structural compatibility score, which is
decomposed into hop consistency and directional
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consistency.
Hop & Direction Template. We represent the

predicted CRP as a directed path P = (v 4,

d d .
v = e vpr), where H is the hop count and

d; € {—,<«}. For each subgraph g, we extract
its reasoning pattern P, with hop count H, and

direction sequence dg = (dy.1,...,dg m,).
Hop Consistency.
Shopl9) = 7 1)
l9) = T, AT

Directional Consistency. Let m = min(Hy, H)
and M = max(Hgy, H). We define

1,
Sair(9) = { .
ﬁ Z‘:1 I [dg,i = di] )

M =0,

M > 0.
2
Finally, the structural compatibility score is com-
puted as

Sstruct(g) = )\hopShop (g) + /\dirSdir(g)v (3)
where Apop and Agjr are hyperparameters.

Semantic Relevance. Beyond structural compat-
ibility, we measure the semantic relevance between
the question ¢ and a candidate subgraph g at three
granularities: node level, relation-text level, and
subgraph level (Liu et al., 2025). Let ¢(-) be a text
encoder (BAAI/bge-m3 in our implementation) and
cos(-, -) denote cosine similarity. We first obtain
the question embedding h, = ¢(q).

Node-level. For each node v € V(g), we tex-
tualize it as t(v) (e.g., entity surface form, types
of entity) and compute s(q, v) = cos(hg, ¢(t(v))).
We aggregate over nodes as

S cos((a), Bt ().
vEV(g)
)

Relation-text level. For each relation r €
R(g), we convert its id into natural lan-
guage tokens by splitting on delimiters (e.g.,
location.country.currency_used — “location
country currency used”) and denote the resulting
text as ¢(r). Then

Snode(‘]v g) = m

Srel(‘]a g) =

R(9)]
&)

Subgraph-level. We linearize the whole sub-
graph g into a single text sequence t(g) (nodes and
triples) and compute

Ssub(Qvg) = COS(hq,¢(t(g))). (6)

Finally, we combine the three similarities with a
weighted sum:

Ssem(Qa g) =« Snode((b g) + Srel((b g)

7
+’YSsub(Q7g)' ( )

where «, (3, and y are weighting coefficients.

Overall Scoring. Finally, we combine structural
compatibility and semantic relevance into an over-
all subgraph score:

S(g ’ Q) = )"Sstruct(g)+(1_)\)‘Ssem(qag)7 (8)

where A\ € [0, 1] controls the trade-off between
structural and semantic information.

Candidate subgraphs are ranked by S(g | q),
and the top-ranked subgraphs are selected for sub-
sequent logical form generation.

4.2 Subgraph-Conditioned Logical Form
Generation

Given a question ¢, we take the top-k ranked sub-
graphs G, = {g1, ..., gx} from the previous stage
as evidence to generate an executable logical form.

Directly concatenating Gy, yields redundant to-
kens due to overlapping nodes/edges, slowing train-
ing and inference. We therefore perform token-
budgeted evidence condensation to produce a com-
pact, structure-preserving evidence representation.

Token-budgeted Subgraph Selection. Top-£
subgraphs often overlap, leading to redundant to-
kens when concatenated. We select a subset H C
Gy, under a token budget B, where ¢(g) denotes the
token length of linearized subgraph g:

max F(H) st Z /(g9) < B.
gEH
We define
F(H) =Y s(9) +|UMH),
geEH

where s(g) is the subgraph ranking score and
U(H) = Uyez Ulg) is the set of unique units
covered by H (entities and relation types). This for-
mulation discourages overlap by counting repeated

3618



units only once. We approximately optimize F' us-
ing a greedy budgeted selection based on marginal
gain per token.

Finally, we serialize the input context C(S), a
full example prompt is provided in Appendix C.

LoRA Fine-Tuning for Executable Logical
Forms. Given a question ¢ and condensed ev-
idence context C(S), we fine-tune an open-source
LLM to generate the gold logical form y* by mini-
mizing the negative log-likelihood:

L(0) = —log Py(y" | q,C(S5)). )

We adopt LoRA for parameter-efficient tuning,
adding a low-rank update AW = BA to each
weight matrix.

Execution and fallback. The generated logical
forms are directly executed against the knowledge
base. While the fine-tuned model produces exe-
cutable logical forms in most cases (without addi-
tional entity/relation normalization), a small por-
tion may still be non-executable due to entity, re-
lation, or structural errors. In that case, we adopt
a fallback mechanism: when execution fails, we
return the logical form transformed from the top-1
ranked subgraph from previous stage.

S Experiments

Our analysis is organized around the following re-
search questions (RQs): RQ1: How does SELF-
KBQA perform in comparison to other approaches?
RQ2: How does the retrieval of semantically
and structurally aligned subgraphs impact perfor-
mance? RQ3: How much does the Core Reasoning
Pattern (CRP) structural prior contribute?

5.1 Experimental Setup

Datasets. We evaluate our approach on three
widely used KBQA benchmarks: GrailQA (Gu
et al., 2021), WebQSP (Yih et al., 2016), and
GraphQuestions (Su et al., 2016). Detailed dataset
statistics are provided in Appendix B.

Baselines. We compare our method against repre-
sentative baselines from three categories: IR-based
methods, SP-based methods, and recent LLM-era
approaches, including LLM prompting and LLM
fine-tuning. Detailed descriptions of all baselines
are provided in Appendix D.

Evaluation Metric. For GrailQA, following pre-
vious work (Tian et al., 2024; Luo et al., 2025a;
Gao et al., 2025), we adopt Exact Match (EM) and
F1 score as evaluation metrics, computed using
the official evaluation script. For WebQSP and
GraphQuestions, following prior work (Li et al.,
2023; Luo et al., 2025a), we report F1 score.

Implementation Details. For CRP prediction,
we fine-tune Flan-T5-base, and for logical form
generation, we fine-tune Llama-3.1-8B-Instruct.
We perform a sensitivity analysis on the subgraph
ranking hyperparameters &k and )\, and observe sta-
ble performance for k& € [10, 50], with the best re-
sults around &£ = 40, which is used by default. An
intermediate A (approximately 0.4) performs best,
highlighting the importance of balancing structural
compatibility and semantic relevance; detailed anal-
yses are provided in Appendix H. Training and
hardware details are reported in Appendix F.

5.2 Main Results (RQ1)

Tables 1-3 report the main results on GrailQA,
WebQSP, and GraphQuestions. We reproduce SG-
KBQA with Llama-3.1-8B for a fair comparison,
while other numbers are taken from the original
papers !. In addition, for comparison with some
other methods (e.g.,ToG (Sun et al., 2024)), since
they randomly sample 1,000 instances from the val-
idation set of the GrailQA dataset, we also conduct
our evaluation on the same subset for a fair com-
parison. Detailed settings and results can be found
in the Appendix E.

GrailQA. As shown in Table 1, our method
achieves the best overall performance on GrailQA.
The gains are consistent across all three splits,
with the largest improvement observed on the i.i.d.
split and steady gains on the compositional and
zero-shot splits. These results indicate that SELF-
KBQA not only improves in-distribution accu-
racy but also generalizes better to compositional
and unseen-schema questions. We further study
the performance of SELF-KBQA across different
LLM backbones, with detailed results reported in
Appendix G. We also analyze the execution suc-
cess rate of the logical forms generated by SELF-
KBQA, with detailed analyses provided in Ap-
pendix I, and examine the effect of removing the
fallback mechanism, with results summarized in
Table 4.

'SG-KBQA was originally reported with LLaMA-3-8B;
different LLaMA versions may lead to different performance.
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Method LLM LILD Compositional ~ Zero-shot Overall
EM Fl EM F1 EM Fl | EM Fl
Prompting Methods
KB-BINDER GPT-3.5-turbo 75.8 809 483 53.6 454 50.7|532 585
KB-Coder GPT-3.5-turbo 769 81.0 527 578 489 54.1|563 613
ARG-KBQA GPT-3.5-turbo  79.0 81.5 484 558 559 614 |59.6 649
StructGPT GPT-4-turbo - 704 - 44.3 - 505 - 546
QueryAgent GPT-4-turbo - - - - - - - 66.8
TARGA GPT-4-turbo - - - - - - - 69.8
Fine-tune-based Methods

RnG-KBQA - 86.7 89.0 61.7 689 688 747|695 769
DecAF - 88.7 924 715 798 659 773|725 8l4
TIARA - 88.4 912 664 748 733 80.7|753 81.9
FC-KBQA - 89.0 915 704 773 781 83.1|79.0 83.8
KGAgent Llama-2-7B - 920 - 80.0 - 83| - 861
KBQA-ol Llama-3.1-8B  77.8 855 763 776 68.1 76.1 | 719 78.5
SG-KBQA Llama-3.1-8B  90.7 922 744 809 79.2 842 |80.8 854
SELF-KBQA (Ours) Llama-3.1-8B 94.0 952 754 81.6 80.1 84.8 | 82.3 86.5

Table 1: Performance on the dev set of GrailQA. The bold and underlined numbers indicate the best and second-best

performance, respectively.

WebQSP and GraphQuestions. On We-
bQSP and the more compositional GraphQuestions
dataset, SELF-KBQA further improves the best
Llama-3.1-8B baseline, suggesting its effective-
ness on complex graph-structured reasoning. Over-
all, the consistent improvements across datasets
demonstrate the robustness of our subgraph-guided
executable logical form generation framework.

5.3 Analysis of Structure-aware Subgraph
Retrieval (RQ2)

To answer RQ2, we investigate whether retrieving
subgraphs that align with both the question’s se-
mantics and structure improves performance, and
determine if both constraints are necessary.

Necessity of Aligned Subgraph Evidence. We
first investigate whether subgraph evidence is ben-
eficial through an ablation study. We compare
the full model with a baseline without retrieved
context (w/o Subgraphs) and a baseline using in-
dependently retrieved evidence (w/ Independent
Retrieval) which employs the same encoder to
retrieve entities and relations from the KB indepen-
dently. As shown in Table 4, removing subgraph
evidence causes a catastrophic drop. Furthermore,
w/ Independent Retrieval significantly underper-
forms the subgraph-based approach. These results
confirm that treating the KB as a “bag of items”
disrupts the reasoning chain. By explicitly enumer-

ating connected subgraphs, SELF-KBQA bridges
the “structural gap”, providing the necessary topo-
logical integrity for generating executable logical
forms.

Retrieval Performance Comparison across Re-
trieval Sizes (k). Figure 3 compares the retrieval
match rate of SELF-KBQA and its variants as the
number of retrieved subgraphs & increases. Here,
we define the match rate as the percentage of ques-
tions where the retrieved evidence fully covers the
entities and relations in the gold logical form. As
shown in Figure 3, removing either the semantic or
structural scores, or adopting independent retrieval,
leads to a distinct decline in retrieval performance.
Crucially, this trend remains consistent as k in-
creases from 10 to 50. These results demonstrate
that explicitly enforcing both structural compatibil-
ity and semantic relevance is essential for identify-
ing subgraphs that faithfully mirror the question’s
intent.

Impact of Retrieval Strategy on Generation.
As shown in Table 4, the variants w/o Structure
Score, w/o Semantic Score, and w/ Independent
Retrieval all suffer from consistent degradation in
EM and F1 scores across different difficulty lev-
els. Crucially, this downstream performance drop
strictly mirrors the retrieval recall gaps observed in
Figure 3.

Thus, providing subgraphs that align with the
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Figure 3: Retrieval performance on the validation set of GrailQA of SELF-KBQA and its variants across varying k.
The full model (red line) consistently outperforms variants that lack structural or semantic constraints, highlighting

the robustness of the joint ranking strategy.

Method LLM F1
IR-based KBQA Methods
NSM - 68.7
KGT5 - 56.1
SP-based KBQA Methods
RnG-KBQA - 75.6
DecAF - 77.1
TIARA - 76.7
FC-KBQA - 76.9
LLMs-based Methods (Prompting)
KB-Binder GPT-3.5-turbo  52.6
ARG-KBQA GPT-3.5-turbo  58.8
KELDaR GPT-3.5-turbo  76.7
ToG GPT-4-turbo 76.0
FIDELIS GPT-4-turbo 78.3
Interactive-KBQA GPT-4-turbo 71.2
LLMs-based Methods (Fine-tuning)

ChatKBQA Llama-2-7B 79.8
KBQA-ol Llama-3.1-8B  57.8
MCTS-KBQA Llama-3.1-8B  76.0
SG-KBQA Llama-3.1-8B  79.8
GCR Llama-3.1-8B  74.1
SELF-KBQA (ours) Llama-3.1-8B  80.6

Table 2: Results on the test set of WebQSP. The bold
and underlined numbers indicate the best and second-
best performance.

question in both structure and semantics is a pre-
requisite for generating executable logical forms.

5.4 Impact of the CRP Structural Prior (RQ3)

The CRP captures reasoning patterns (specifically
hop structure and directionality) that connect the
topic entity to the answer entity, abstracting away
auxiliary constraints.

CREP prediction quality. We evaluate CRP pre-
diction accuracy by deterministically extracting
gold patterns from annotated logical forms and

Method LLM F1

Prompting-based Methods

KB-Binder GPT-3.5-turbo  32.5
KB-Coder GPT-3.5-turbo  36.6
Fine-tuning-based Methods
SPARQA - 21.5
BERT+Ranking - 25.0
ArcaneQA - 31.8
KBQA-ol Llama-3.1-8B  48.7
SELF-KBQA (ours) Llama-3.1-8B  49.9

Table 3: Results on the test set of GraphQ. The bold and
underlined numbers indicate the best and second-best
performance.

training the model to generate the corresponding
discrete patterns. As shown in Table 5, CRP predic-
tion is reasonably accurate on GrailQA, WebQSP,
and GraphQuestions, but errors still occur, which
may propagate to retrieval and generation.

Impact on downstream QA. To quantify the
impact of CRP accuracy and isolate the benefit of
structural guidance, we conduct an ablation study
on the GrailQA dev set (Table 4). Injecting ground-
truth CRPs (“w/ Golden CRP”) yields consistent
gains across splits, indicating substantial headroom
from better structural priors. In contrast, removing
CRP-based guidance (“w/o Structure Score”) leads
to clear degradation, confirming that CRP helps
filter irrelevant candidates and steer retrieval toward
the correct logical structure.

Performance on >3-hop questions. Although
CRP patterns cover at most two hops, we evaluate
on GrailQA questions requiring >3-hop reasoning.
SELF-KBQA achieves EM 56.4 / F1 62.6, outper-
forming SG-KBQA’s EM 44.2 / F1 54.3, showing
that the retrieval and generation modules compen-
sate effectively beyond CRP coverage.
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Model Variant | LLD | Compositional |  Zero-shot | Overall
| EM F1 | EM Fl | EM Fl | EM  Fl

SELF-KBQA (Full Model) ‘ 94.04 95.18 ‘ 75.36 81.63 ‘ 80.11 84.76 ‘ 82.33 86.51
w/ Golden CRP 95.50 96.50 76.80 83.00 81.60 86.20 83.77 87.89
w/o Structure Score 92.50 93.90 73.00 80.00 78.50 83.50 80.54 85.15
w/o Semantic Score 89.89 90.78 69.88 74.51 75.16 74.97 75.43 78.59
w/ Independent Retrieval 90.30 91.50 | 71.10 77.80 | 76.10 80.90 | 78.30  82.68
w/o Fallback Mechanism 91.50 92.60 72.80 78.90 77.50 82.20 79.72 83.89
w/o Subgraphs 67.55 71.95 54.16 59.62 68.57 74.87 65.10 70.77

Table 4: Results of our Ablation Study on the validation set of GrailQA. Cell shading indicates performance changes

relative to the full model (SELF-KBQA): blue tones stand for improvements and

darker shades indicating larger changes.

Dataset CRP Accuracy (%)
GrailQA 85.64
WebQSP 87.56
GraphQ 76.81

Table 5: CRP prediction accuracy on different Datasets.

5.5 Efficiency Analysis

We report inference latency on GrailQA dev (6,763
questions, single A6000 GPU). The end-to-end
latency of SELF-KBQA is ~16.9 s per question,
comprising subgraph enumeration (206 ms), BGE-
M3 semantic scoring (16.4s), LLM generation
(275 ms, vVLLM), and SPARQL execution (27 ms).
This represents a ~25x speedup over ChatK-
BQA and KB-BINDER, which require ~7 min
per question for post-hoc combinatorial entity/re-
lation grounding. We further validate retrieval
quality with a frozen GPT-40: providing retrieved
subgraphs via in-context learning raises F1 from
16.1 (no subgraphs) to 46.9, confirming that the
retrieved context provides effective grounding in-
dependent of fine-tuning. Detailed results are in
Appendix K and L.

6 Conclusion

We presented SELF-KBQA, a subgraph-guided
framework for executable logical form generation
in KBQA that aligns retrieval with both structural
compatibility (via Core Reasoning Patterns) and se-
mantic relevance. By ranking candidate subgraphs
with a joint scoring function and performing token-
budgeted evidence condensation, our method sup-
plies compact, high-utility KB context to LLM de-
coding, enabling reliable execution. Extensive ex-
periments on GrailQA, WebQSP, and GraphQues-
tions demonstrate consistent gains and state-of-the-
art performance.

for degradations, with

Limitations

While SELF-KBQA achieves state-of-the-art per-
formance, several limitations remain. First, our
CRP patterns are currently restricted to at most two
hops. Although this covers the vast majority of
benchmark questions (92-100%), questions requir-
ing longer reasoning chains are not explicitly mod-
eled. As discussed in Section 4, extending CRP to
longer-hop patterns is modular and straightforward,
and we leave this for future work. Second, our
subgraph enumeration may face scalability chal-
lenges with hub entities connected to many relation
types. In practice, schema-level enumeration with
pruning keeps candidate sizes manageable (me-
dian 51 per entity on GrailQA; only 1.7% of ques-
tions exceed 10K candidates), but extreme cases
remain a potential bottleneck. Third, we primarily
evaluate on Freebase-based benchmarks. While
CRP patterns are defined at the topology level and
are largely transferable (e.g., 77.7% coverage on
Wikidata-based KQA Pro; see Appendix O), full
evaluation on other KBs is left for future work. Fi-
nally, SELF-KBQA relies on supervised training
with gold logical forms, which is standard for SP-
KGQA. However, our retrieval module is largely
annotation-free (subgraph enumeration and seman-
tic scoring require no gold forms), and the CRP pre-
diction component could be replaced by rule-based
heuristics or LLM few-shot prompting, making the
framework a promising candidate for extension to
IR-KGQA settings where executable annotations
are unavailable.
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Appendix
A Operators in S-expression

In this section, we introduce the operators used in
S-expressions, as detailed in Table 6.

B Datasets

GrailQA (Gu et al., 2021) is designed to evalu-
ate zero-shot generalization in KBQA. It contains
64,331 questions and is carefully split to assess
three levels of generalization: (1) i.i.d., where test
questions share the same distribution as training
data; (2) compositional, which evaluates gener-
alization to unseen compositions of seen schema
items; and (3) zero-shot, which tests generaliza-
tion to entirely unseen KB schema items. The test
set comprises 25%, 25%, and 50% of these three
settings, respectively. Beyond generalization chal-
lenges, GrailQA also presents difficulties due to
its large-scale schema (over 3,000 relations), com-
plex logical forms (up to 4 hops), and noisy entity
mentions in questions.

WebQSP (Yih et al., 2016) is a widely-used
KBQA benchmark based on Freebase, compris-
ing 4,737 natural language questions. It evaluates
model performance under the i.i.d. setting, where
training and test sets share the same distribution of
entities and relations. The dataset requires reason-
ing chains of up to 2 hops.

GraphQuestions (Su et al., 2016) is a bench-
mark dataset designed to evaluate KBQA models
on complex graph-structured reasoning. It contains
a total of 5,166 questions, with 2,508 questions for
training and 2,658 for testing. Compared to sim-
pler KBQA benchmarks, GraphQuestions places
a stronger emphasis on multi-hop reasoning over
the knowledge graph, requiring models to navigate
compositional and structurally complex relational
paths to derive correct answers.

Table 7 shows the hop distribution of questions
across different datasets. Most questions require 1-
2 hops to answer, with WebQSP being the simplest
(no 3-hop questions) and GraphQ being the most
complex (7.57% questions require 3 or more hops).

C Prompt Used in SELF-KBQA

Figure 4 illustrates the prompt used by SELF-
KBQA for logical form generation, including the
question and the top-k retrieved subgraphs.

D Baselines

We compare SELF-KBQA with the following base-
lines divided into five classes: 1) IR-based KBQA
Methods, 2) SP-based KBQA Methods, 3) LLM-
based KBQA Methods (Prompting), 4) LLM-based
KBQA Methods (Fine-tuning).

D.1 IR-based KBQA Methods

NSM (He et al., 2021) proposes a teacher-student
approach for multi-hop KBQA, where the teacher
network uses bidirectional reasoning to generate re-
liable intermediate supervision signals, improving
the student network’s reasoning capacity.

KGTS (Saxena et al., 2022) demonstrates that an
off-the-shelf encoder-decoder Transformer model,
when applied as a sequence-to-sequence task for
knowledge graph link prediction and question an-
swering.

D.2 SP-based KBQA Methods

Rng-KBQA (Ye et al., 2022) first enumerates all
possible queries and then finetune T5 model to get
the final output.

DecAF (Yu et al., 2023) proposes a framework
that jointly generates logical forms and direct an-
swers for KBQA, combining their strengths to im-
prove accuracy.

TIARA (Shu et al., 2022) enhances PLM-based
KBQA by incorporating multi-grained retrieval to
provide relevant KB context and constrained de-
coding to improve logical form generation.

FC-KBQA (Zhang et al., 2023) proposes a fine-
to-coarse compositional framework that improves
KBQA generalization and executability by refor-
mulating fine-grained KB components into middle-
grained knowledge pairs for logical expression gen-
eration.

D.3 LLM-based KBQA Methods (Prompting)

KB-Binder (Li et al., 2023) enables few-shot
KBQA using large language models and BM25
matching, achieving strong performance across
datasets without training.

KB-Coder (Nie et al., 2024b) proposes a code-
style in-context learning method for KBQA, con-
verting logical form generation into code genera-
tion for LLMs, reducing format errors.

ARG-KBQA (Tian et al., 2024) proposes a
framework that enhances LLMs for KBQA by re-
trieving question-related graph structures using a
two-stage ranker.
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Syntax Return Type  Semantics

(AND E E») Set of Entities  Intersection of two entity sets 1 and Eo.

(COUNT E) Integer Returns the cardinality | E'| of the entity set.

R P) Set of Pairs Inverse of the binary relation P, i.e., {(y,z) | (z,y) € P}.

(JOINP E) Set of Entities  Entity retrieval: returns entities related to any element in E via relation P.

(JOIN P, P») Set of Pairs
(ARGMAX E P)
(ARGMIN E P)

(CMP P )

Set of Entities

Set of Entities

Relational composition of P; and Px».

Selects entity x € E that maximizes (or minimizes) the value associated via relation P.

Filters entities where the related value compares to n. CMP € {LT, LE, GT, GE}.

Table 6: Definitions of logical operators. E denotes a set of entities, P denotes a binary relation (set of tuples), and

n is a literal value.

Dataset 1 hop 2hop >3hop
WebQSP  61.04% 37.22%  0.00%
GrailQA  68.78% 26.11% 5.10%
GraphQ  59.83% 32.59% 7.57%

Table 7: Question hop distribution across different
datasets

KELDaR (Li et al., 2024b) enhances LLMs
for KGQA by introducing question decomposition
and atomic retrieval, using a decomposition tree
to guide atomic-level KG subgraph retrieval for
answering complex questions.

FIDELIS (Sui et al., 2025) introduces a retrieval-
augmented reasoning method that enhances KGQA
by anchoring responses to verifiable reasoning
paths, using keyword-enhanced retrieval and step-
wise beam search to ensure accuracy.

QueryAgent (Huang et al.,, 2024) proposes
a step-by-step semantic parsing framework with
an environmental feedback-based self-correction
method (ERASER) that selectively fixes hallucina-
tions to improve reliability and efficiency.

TARGA (Huang et al., 2025) proposes a tar-
geted synthetic data generation framework that
builds high-relevance query—question pairs via
entity/relation-guided expansion to provide syn-
thetic in-context demonstrations without manual
annotation.

KG-Agent (Jiang et al., 2025) proposes an au-
tonomous LLM-based agent with tool use and
memory, fine-tuned on synthesized code-based in-
structions to perform multi-hop KG reasoning ef-
fectively.

ToG (Sun et al., 2024) proposes an LLM®KG
paradigm where an LLM agent iteratively performs
beam search over a KG to find promising reasoning

paths for traceable, correctable, training-free graph
reasoning with reduced hallucinations.

PoG (Chen et al., 2024) proposes a self-
correcting adaptive planning paradigm for KG-
augmented LL.Ms that decomposes questions into
sub-objectives and iteratively explores, memorizes,
and reflects to refine reasoning paths on graphs.

D.4 LLM-based KBQA Methods
(Fine-tuning)

ArcaneQA (Gu and Su, 2022) dynamically gen-
erates the query based on results from previous
steps.

ChatKBQA (Luo et al., 2024) presents a
generate-then-retrieve KBQA framework that uses
fine-tuned LLMs to generate logical forms and un-
supervised retrieval to replace entities and relations.

CompKBQA (Tian et al., 2025) decomposes
KBQA logical-form generation into sequential sub-
tasks (skeleton — topic entity — relations — full
logical form) and augments generation with an R3
retriever that injects KB evidence, reducing errors
and achieving SOTA on WebQSP and CWQ.

Interactive-KBQA (Xiong et al., 2024) frames
an LLM as an agent that iteratively interacts with
a knowledge base via three unified SPARQL-
based tools (SearchNodes, SearchGraphPatterns,
ExecuteSPARQL) to incrementally construct exe-
cutable logical forms in few-shot settings, improv-
ing interpretability and achieving competitive re-
sults across multiple KBQA benchmarks.

KBQA-o01 (Luo et al., 2025a) treats KBQA as
an agentic search problem: a ReAct-style agent ex-
plores the KB step-by-step to build logical forms,
and Monte Carlo Tree Search (guided by policy/re-
ward models) balances exploration vs. efficiency
while also auto-generating high-quality annotations
for incremental fine-tuning.
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System: You are an expert in answering questions based on knowledge graphs. Your task is to provide a logical form
which can be executed on the Knowledge Base to get the answers based on the provided subgraph and question. The
subgraph contains nodes and paths representing entities and their relationships.

Question: oersted is the magnetic field strength unit in what measurement system?

Subgraphs:
Entities:

measurement_unit.measurement_system

measurement_unit.dimension

type.float
m.013jkjo7 oersted (album) type: music.album

Subgraph 1:
* Edges: measurement_unit.measurement_system

measurement_unit.magnetic_field_strength_unit

m.@fksj megagauss oersted type: freebase.unit_profile measurement_unit.magnetic_field_strength_unit

m.@38z7b2 oersted type: music.release media_common.creative_work

m.0265gkf hans christian @rsted type: chemistry.element_discoverer symbols.name_source book.author

-[measurement_unit.measurement_system.magnetic_field_strength_units]->

m.0fksj
Subgraph 2:
* Edges: m.0fksj

-[measurement_unit.magnetic_field_strength_unit.measurement_system]->

measurement_unit.measurement_system
Subgraph 3:
* Edges: measurement_unit.measurement_system

-[measurement_unit.measurement_system.acceleration_units]->

measurement_unit.magnetic_field_strength_unit

m.0fksj

-[measurement_unit.measurement_system.magnetic_field_strength_units]->

measurement_unit.magnetic_field_strength_unit

[...] (more subgraphs omitted for brevity)

Logical Form:

Figure 4: Example prompt for logical form generation with subgraph-enhanced context.

MCTS-KBQA (Xiong et al., 2025) improves
LLM-based semantic-parsing KBQA by replac-
ing linear tool-use with Monte Carlo Tree Search
guided by step-wise, prompt-based rewards, en-
abling better exploration and stronger accu-
racy—especially in low-resource settings—while
also distantly annotating intermediate reasoning
traces for training.

SG-KBQA (Gao et al., 2025) improves KBQA
generalization beyond seen data by injecting KB
schema (class/domain/range contexts) to guide
both entity retrieval and logical-form generation,
enabling valid unseen compositions and stronger
zero-shot/compositional performance.

GCR (Luo et al., 2025b) proposes a graph-
constrained reasoning framework that integrates
KG structure into LLM decoding via a trie-based
KG-Trie to generate faithful KG-grounded reason-
ing paths and reduce hallucinations.

E Performance on the subset extracted by
ToG

Following the settings of ToG (Sun et al., 2024),
we evaluate SELF-KBQA using their official evalu-

ation script on their extracted GrailQA Subset, and
report the Hits@1 results in Table 8. As shown
in the table, SELF-KBQA outperforms all base-
line methods, demonstrating the effectiveness of
structured subgraph guidance.

F Implementation Details

In this section, we introduce the implementation
details of each module. For the entity mention
detection, following previous methods, the entity
mentions are obtained by ELQ. Then for each entity
mention, we merge the linking results based on
FACCI and elq linking.

For the Core relational path (CRP) prediction
stage, We extract gold CRP patterns from anno-
tated logical forms via a deterministic parser and
fine-tune Flan-T5-base to generate one of the nine
predefined CRP patterns. We train for 10 epochs
with batch size 16, learning rate 3e-5 for GrailQA,
15 epochs with batch size 8, learning rate 3e-5 for
WebQSP and GraphQuestions. At inference, we
use greedy decoding and take the top-1 predicted
pattern.

At the subgraph ranking stage, semantic rel-
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Method LLM LD Compositional Zero-shot Overall
ToG GPT-4 79.4 67.3 86.5 81.4
PoG GPT-4 87.9 69.7 88.6 84.7
SELF-KBQA Llama-3.1-8B  94.6 81.8 89.0 88.9

Table 8: Performance comparison on the GrailQA development set under the ToG evaluation setting.

evance Ssem combines node-, relation-, and
subgraph-level similarities with («,f3,7) =
(0.4,0.3,0.3). We encode the question and
textualized entities/relations using BAAI/bge-
m3 and compute cosine similarity. Relation
text is obtained by splitting relation IDs (e.g.,
location.country.currency_used) into natural
language tokens. For structural compatibility, we
set (Anop, Adir) = (0.5,0.5). The final ranking
score uses A = 0.4, tuned on the dev set via grid
search over [0, 1].

At the token-budgeted evidence condensation
stage, we take the top-k ranked subgraphs with
k = 40 and select a subset under the token budget
B = 2048.

At the logical form generation stage, we fine-
tune Llama-3.1-8B-Instruct to generate executable
logical forms conditioned on the question and con-
densed evidence. For the GrailQA dataset, we
train for 3 epochs with a learning rate of 5 x 1072,
For the WebQSP and GraphQuestions datasets, we
train for 20 epochs with the same learning rate of
5 x 1075. During decoding, we use greedy decod-
ing with a temperature of 0.1.

G Performance on the dev set of GrailQA
across different LLMs.

In this section, we report the results of SELF-
KBQA on the GrailQA dev set using different LLM
backbones, as shown in Table 9. The results indi-
cate that SELF-KBQA performs well across differ-
ent LLMs.

H Sensitivity to Retrieval Parameters.

We further study the sensitivity of our retrieval mod-
ule to key hyperparameters, including the number
of retrieved subgraphs k and the weighting coeffi-
cient A in Eq. 8, while keeping all other settings
fixed.

Effect of k. Figure 5 reports performance under
different k£ values. Across settings (i.i.d., compo-
sitional, and zero-shot), the results are generally
stable when k ranges from 10 to 50, with a mild
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Figure 5: Sensitivity analysis of top_k.

Figure 6: Sensitivity analysis of \.

improvement as k increases from 10 to 30/40 and a
plateau thereafter. This trend is consistent with the
intended coverage—precision trade-off: a larger k
provides broader evidence coverage, but beyond a
certain point additional subgraphs are increasingly
redundant or noisy, and the ranking module limits
their marginal utility. Overall, we observe the best
performance around k£ =40, and use this value as
the default in all experiments.

Effect of )\. Figure 6 shows the end-to-end
EM/F1 as we vary A, which controls the trade-off
between structural compatibility and semantic rele-
vance in subgraph ranking. Overall, performance
1s maximized at an intermediate value (around
A = 0.4), indicating that both structural and se-
mantic signals are necessary for effective retrieval.
When A is too small, retrieval becomes overly
semantic-driven and may include topically related
but structurally mismatched subgraphs; when A
is too large, the model over-emphasizes structural
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Method LLM LILD Compositional ~ Zero-shot Overall
EM F1 EM F1 EM Fl1 | EM Fl
Llama-3.1-8B 94.04 95.18 75.36 81.63 80.11 84.76|82.33 86.51
SELF-KBQA Qwen-2.5-7B 93.35 9491 7530 8135 79.81 84.46|81.99 86.22
Qwen-3-8B  93.47 94.97 75.69 8191 80.11 84.85|82.27 86.57

Table 9: Performance of SELF-KBQA on the GrailQA development set with different LLM backbones. Best results

are in bold and second-best results are underlined.

constraints and may discard semantically correct
candidates.

I Logical Form Execution Analysis

In KBQA systems, a generated logical form should
be executable on the underlying knowledge base to
retrieve answers. However, for various reasons—
such as errors in SPARQL conversion or schema
mismatches—some generated logical forms may
fail to execute. Table 10 reports the execution suc-
cess rates on the GrailQA validation set. Overall,
SELF-KBQA achieves a high execution success
rate, indicating that it can generate valid logical
forms in most cases.

Dataset Success Rate

GrailQA 90.60%
ii.d. 96.55%
compositional 90.09%
zero-shot 88.21%

Table 10: Logical form execution success rates on the
validation set of GrailQA.

We observe that execution success rates are
higher in the i.i.d. setting compared to compo-
sitional and zero-shot settings, which aligns with
the increased complexity and schema diversity in
these challenging scenarios.

Error Categories
mm Relation Error (37.5%)
Entity Error (24.8%)
Structural Error (20.7%)
SPARQL Conversion Error (7.2%)
Operator Error (6.6%)
Annotation Error (3.2%)

Figure 7: Error analysis on the validation set of
GrailQA.

J Error Analysis

To better understand the remaining limitations of
SELF-KBQA, we conduct an error analysis of the
errors on the GrailQA dev set. We categorize these
errors as follows, as shown in Figure 7:

* Relation Error (37.5%): The predicted log-
ical form uses incorrect relations, leading to
traversing wrong edges in the knowledge base.

* Entity Error (24.8%): The predicted logical
form is anchored to incorrect entities (entity
IDs completely mismatch the gold LF), caus-
ing the reasoning chain to start from the wrong
node.

 Structural Error (20.7%): The predicted
logical form differs from the gold logical
form structurally (e.g., mixed operators/con-
straints).

« SPARQL Conversion Error (7.2%): The
model outputs a logical form consistent with
the gold logical form, but the converted
SPARQL fails to execute, possibly due to in-
formation loss during the conversion from log-
ical form to SPARQL.

* Operator Error (6.6%): The logical form
uses incorrect operators or reasoning patterns
(e.g., missing/extra ARGMAX/ARGMIN, in-
correct COUNT, top-level operator mismatch,
or large hop-count mismatch), which changes
the query semantics.

* Anneotation Error (3.2%): This mainly oc-
curs in comparative questions, i.e., “larger
than” is annotated as > in some cases.

K Inference Efficiency

Table 11 reports a per-question latency breakdown
of SELF-KBQA on the GrailQA dev set (6,763
questions, single NVIDIA A6000 GPU) and a com-
parison with representative baselines.
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Stage / Method Latency
SELF-KBQA Pipeline Breakdown
Subgraph Enumeration 206 ms
Subgraph Ranking (BGE-M3) 16.4s
LLM Generation (vLLM) 275 ms
SPARQL Execution 27 ms
End-to-End Total ~16.9s
Baseline Methods
ChatKBQA / KB-BINDER ~7 min
SG-KBQA (excl. retrieval) >13.7s

Table 11: Per-question inference latency breakdown and
comparison with baselines on GrailQA dev set.

SELF-KBQA achieves a ~25x speedup over
ChatKBQA and KB-BINDER, which require post-
hoc combinatorial entity/relation grounding af-
ter LLM generation. Compared to SG-KBQA
(>13.7 s excluding its retrieval stages), our end-to-
end latency is comparable while achieving higher
accuracy.

L Frozen LLM Validation

To validate the quality of our retrieved subgraphs
independently of fine-tuning, we evaluate a frozen
GPT-40 with in-context learning on 1,000 GrailQA
test samples (ToG subset). We disable the fallback
mechanism to focus on LLM generation quality.

Setting F1 EM Invalid %
Fine-tuned LLaMA-3.1-8B (Ours) 83.9 79.7 9.4
GPT-40 40-shot + subgraphs 46.9 45.6 48.9
GPT-40 5-shot + subgraphs 43.0 415 514

GPT-40 40-shot, no subgraphs 16.1 15.7 82.8

Table 12: Frozen LLM (GPT-40) performance with and
without retrieved subgraphs. Invalid % measures the
fraction of outputs that fail to parse or execute.

Retrieved subgraphs substantially improve
frozen-LLM performance, raising GPT-40 from
16.1 to 46.9 F1 and reducing invalid outputs
from 82.8% to 48.9%. This confirms that the
retrieved context is informative and provides ef-
fective grounding even without fine-tuning. Fine-
tuning remains important for reliably enforcing the
syntax and constraints of the target logical form
language.

M Semantic Score Weight Sensitivity

We analyze the sensitivity of the semantic relevance
Weights (aa ﬂv 'Y) in Ssem = Q- Snode + 5 ' Srel +

~ - Ssub 0on the GrailQA dev set.

(o, B,7) Granularity Match% EM F1
(1,0,0) Node only 85.12 78.6 83.1
0, 1,0) Relation only 8247 76.8 814
0,0, 1) Subgraph only  79.83  74.5 79.7
(0.33,0.33,0.33) Uniform 88.76 819 86.1
0.4, 0.3,0.3) Ours 89.39 823 86.5
Table 13: Sensitivity of semantic score weights

(a, B, 7). Match % is the retrieval match rate (fraction
where evidence fully covers gold entities and relations).

Any single granularity alone leads to notable
degradation (EM drops by 3.7-7.8), validating the
necessity of multi-granularity matching. Our de-
fault (0.4, 0.3, 0.3) performs comparably to the uni-
form setting (82.3 vs. 81.9 EM), indicating that per-
formance is not sensitive to exact weights as long
as all granularities are included.

N Retrieval vs. Generation Error
Decomposition

We conduct a fine-grained error analysis on the
GrailQA dev set under the Oracle CRP setting,
decomposing errors into retrieval failures (gold
entities/relations absent from evidence) and gener-
ation failures (evidence sufficient but LLM gener-
ates incorrect logical form).

Generalization Level n Retrieval Generation

LLD. 1,593 5.6% 2.1%
Compositional 1,514  14.4% 15.9%
Zero-shot 3,656  21.3% 12.8%
Overall 1,829 err.  59.4% 40.6 %

Table 14: Retrieval vs. generation error rates (%) on
GrailQA dev under Oracle CRP setting.

On i.i.d. questions, both error rates are mini-
mal. On compositional questions, generation fail-
ure slightly exceeds retrieval failure—the LLM
struggles to compose known relations into novel
structures even with sufficient evidence. On zero-
shot questions, retrieval failure dominates (21.3%),
as unseen schemas are inherently harder to retrieve.
Further analysis shows that 75.8% of generation
failures involve the LLM predicting extraneous re-
lations absent from the gold logical form, suggest-
ing that such noise in model outputs could benefit
from data-level detection strategies (Liu, 2024).
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O Cross-KB CRP Transferability

To evaluate the transferability of CRP patterns be-
yond Freebase, we extract CRP pattern coverage
on KQA Pro, a Wikidata-based KBQA benchmark
(94K train, 12K val).

CRP-Covered Not Covered

Split 1-hop 2-hop Ans-c Total Multi Attr

Train  56.4 14.4 6.9 71.7 4.9 17.4
Val 56.5 14.5 6.8 71.7 4.9 17.3

Table 15: CRP pattern coverage (%) on KQA Pro (Wiki-
data). “Ans-c” = answer-centered patterns; “Multi” =
>2-hop; “Attr” = zero-hop attribute lookups.

All nine CRP patterns are observed on KQA Pro,
covering 77.7% of questions. The Attr-only portion
(17.3-17.4%) corresponds to zero-hop attribute
lookups that can be handled by adding a sim-
ple zero-hop CRP. The Multi-hop portion (4.9%)
would benefit from extending CRP to longer-hop
variants. Overall, adapting SELF-KBQA to a new
KB mainly requires replacing KB-specific compo-
nents (entity linking, relation textualization) while
the retrieval framework and CRP patterns remain
applicable.

P Case Study: SELF-KBQA Pipeline
Execution

To better understand the advantages of SELF-
KBQA over separate retrieval methods, we present
a detailed case study in Tables 16, 17, and 18.

As shown in Table 16, the baseline fails to gen-
erate the true logical form because it retrieves enti-
ties and relations in isolation, missing the critical
relation audio_books_read which lacks explicit
semantic overlap with the question.

In contrast, our method first explicitly models
the ambiguity of the entity "Michael Prichard". Ta-
ble 17 shows that SELF-KBQA successfully enu-
merates the subgraphs for three distinct interpre-
tations: the Audio Reader (m.0g8psb®), the Actor
(m.@jwcpkb), and the Author (m.@5xcc34).

Finally, Table 18 demonstrates the effective-
ness of our structure-aware ranking. Although the
“Book Author” subgraph (E3) presents a strong
semantic distractor (Score: 0.66) due to the correla-
tion between "author" and "published", our model
correctly identifies the "Audio Reader" subgraph
(E1) as the top candidate (Score: 0.70).
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Separate Retrieval Methods (Baseline)

SELF-KBQA (Ours)

Entity Retrieval

* m.Qg8pshd(people.person)
* m.0jwcpkb(people.person)

Entity Set and CRP Prediction

* E1: m.0g8psbd (book.audio_book_reader)
e E2: m.Qjwcpkb (film.actor)
¢ E3: m.05xcc34 (book.author)

* Path: topic_entity — mid_entity — answer_entity

Relation Retrieval

* Retrieved:

— book.book_edition.place_of_publication
book.periodical.publisher
— book. journal.place_of_publication

travel.travel_destination.guidebooks

Subgraph Enumeration

Method: Expands k-hop subgraphs (Nodes + Edges) for each
entity.

Enumerated Subgraphs:

¢ E1 (Reader):

book. audio_book_reader.audio_books_read

E1 Book

film.performance.actor

¢ E2 (Actor): E2 FilmActor

book.written_work.author

¢ E3 (Author): E3 Author

Logical Form Generation

Wrong Logical Form:

(AND travel.travel_destination (JOIN (R
book.book_edition.place_of_publication) (JOIN
book.book_edition.book_authors m.0g8psb@)))

Subgraph Ranking
Method: Ranking subgraphs based on structural score and
semantic score for each entity.
* Subgraph of E1 (Reader):
...audio_books_read
Edges: —MmM8Mm8m ™ ...
Score: 0.70
* Subgraph of E3 (Author):

...written_work.author
Edges: .

Score: 0.66

¢ Subgraph of E2 (Actor):

...performance.actor
Edges:

Score: 0.64

Analysis

* Error due to the wrong relation

Logical Form Generation
Correct Logical Form

(AND travel.travel_destination (JOIN (R
book.book_edition.place_of_publication) (JOIN
(R book.audio_book_reader.audio_books_read)
m.0g8pshd)))

Table 16: Case Study of SELF-KBQA.
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Entity Candidate Enumerated Subgraphs (Main Path & Edges)

E1: m.0g8psh0 Subgraph 1:

Type: Audio Reader ~Main Path: topic_entity -> mid_entity —> answer_entity
Edges:
E1 book.audio_book_reader.audio_books_read AudioBook
Pattern book.book_edition.place_of_publication Location
Subgraph 2:
Pattern: topic_entity -> answer_entity
Edges:
E1 people.person.nationality Country
Subgraph 3:
Pattern: topic_entity —> mid_entity —> answer_entity
Edges:
E1 education.education.student School

E3: m.05xcc34 Subgraph 1:

Type: Book Author Main Path: topic_entity —> mid_entity -> answer_entity
Edges:
E3 book.written_work.author WrittenWork
WrittenWork book.book_edition.place_of_publication/ Location
Subgraph 2:
Pattern: topic_entity —> answer_entity
Edges:
E3 people.person.nationality Country

E2: m.0jwepkb
Type: Film Actor

Subgraph 1:
Main Path: topic_entity —> mid_entity —> answer_entity

Edges:
film.performance.actor .
E2 P FilmCharacter
. film.film.starrin .
FilmCharacter g Movie
Subgraph 2:
Pattern: topic_entity —> mid_entity —> answer_entity
Edges:
people.profession.people_with_this_profession .
E2 Profession

Table 17: Case study of Subgraph Enumeration and Structural Expansion.
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Entity Rank Subgraph Candidate Sem. Str. Final
E1: m.0g8psbh0 1 Subgraph 1 0.50 1.00 0.70
(Audio Reader)

2 Subgraph 2 0.60 0.40 0.50

3 Subgraph 3 0.20 0.30 0.25
E3: m.05xcc34 1 Subgraph 1 0.43 1.00 0.66
(Book Author)

2 Subgraph 2 0.61 0.40 0.51
E2: m.0jwcpkb 1 Subgraph 1 0.38 1.00 0.64
(Film Actor)

2 Subgraph 2 0.30 0.50 0.40

Table 18: Case Study of Fine-grained Subgraph Ranking.
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