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Abstract

Large language models still struggle with faith-
fulness and hallucinations despite their re-
markable reasoning abilities. In Knowledge
Graph Question Answering (KGQA), semantic
parsing-based approaches address the limita-
tions by understanding constraints in a user’s
question and converting them into a logical
form to execute on a knowledge graph. How-
ever, existing KGQA benchmarks and meth-
ods are biased toward positive and calculation
constraints. Negative constraints are neglected,
although they frequently appear in real-world
questions. In this paper, we introduce a new
task, NEgative-conSTrained (NEST) KGQA,
where each question contains at least one neg-
ative constraint, and a corresponding dataset,
NestKGQA. We also design PyLF, a Python-
formatted logical form, since existing logical
forms are hardly suitable to express negation
clearly while maintaining readability. Further-
more, NEST questions naturally contain multi-
ple constraints. To mitigate their semantic com-
plexity, we present a novel framework named
CUCKOO, specialized to multiple-constrained
questions and ensuring semantic executability.
CUCKOO first generates a constraint-aware
logical form draft and performs schema-guided
semantic matching. It then selectively applies
self-directed refinement only when executing
improper logical forms yields an empty re-
sult, reducing cost while improving robust-
ness. Experimental results demonstrate that
CUCKOO consistently outperforms baselines
on both conventional KGQA and NEST-KGQA
benchmarks under few-shot settings.

1 Introduction

With an enormous number of parameters, large lan-
guage models (LLMs) have demonstrated remark-
able reasoning capabilities (Wei et al., 2022; Shinn
et al., 2023). Nevertheless, LLMs suffer from hal-
lucinations and faithfulness concerns (Huang et al.,
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Figure 1: Motivating Example. Partial KG is the union
of the subgraphs for Q1-Q3. Q2 requires reasoning over
a relation that is not present in the KG unlike Q1 and Q3.

2025; Muneeswaran et al., 2024). To overcome the
limitations, research utilizing external knowledge
has been actively conducted (Lewis et al., 2020;
Kaiser et al., 2024; Wan et al., 2024; Taffa and Us-
beck, 2025). Knowledge Graph Question Answer-
ing (KGQA) is one of the promising approaches
because a Knowledge Graph (KG) provides rich se-
mantics (Ye et al., 2022; Li et al., 2023; Atif et al.,
2023; Sun et al., 2024). In particular, Semantic
Parsing (SP)-based approaches map a natural lan-
guage question into a logical form, which is later
converted into a graph query (e.g., SPARQL) to
execute on a KG. Such graph queries specify an
answer derivation process by leveraging graph pat-
terns, leading to an explainable and faithful answer.

KGQA requires identifying constraints in a ques-
tion and providing an answer set that satisfies them
from a KG. Figure 1 depicts KGQA examples. Q1
contains a positive constraint that is produced by
‘Boeing Company’, and a comparison of a mass to
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2.32e+3. Although Q2 and Q3 superficially resem-
ble Q1, their constraints are entirely different. Q2
requires a negative constraint on being produced
by ‘Boeing Company’ and a less-than comparison
against 2.32e+3. ‘Delta’, produced by ‘Lockheed
Martin’ rather than ‘Boeing Company’, is the an-
swer to Q2. Although Q3 contains “not”, it essen-
tially involves a comparison of whether the rocket
mass equals 2.32e+3 or not. A3 is ‘Saturn’, which
is produced by ‘Boeing Company’ and has a mass
of 3.03e+6.

However, existing KGQA studies tend to be bi-
ased towards positive and calculation constraints.
To the best of our knowledge, there is no KGQA
benchmark focusing on negative-constrained ques-
tions such as Q2. Although some datasets (Cao
et al., 2022; Usbeck et al., 2024) appear to involve
negation words (e.g., ‘not’) in a question, they actu-
ally include comparison exemplified by Q3. Since
LLMs are vulnerable to negation reasoning (García-
Ferrero et al., 2023; Truong et al., 2023), it is not
guaranteed that previous LLM-based methods an-
swer negative-constrained questions as well. In ad-
dition, existing logical forms are hardly suitable for
negative questions. Only some logical forms based
on λ calculus (Krivine, 1993) can express nega-
tions (Liang, 2013; Wang et al., 2015), but their
application scope is limited. This is because the λ
calculus is less readable than a symbolic expression
(Ye et al., 2022). To tackle the limitations, we for-
mulate a new KGQA task, NEgative-conSTrained
(NEST) KGQA, to answer a question containing
at least one negative constraint. We also propose a
NestKGQA dataset by extending previous bench-
marks. To enhance both expressiveness and read-
ability, we design PyLF, a Python-formatted logical
form based on a symbolic expression.

Furthermore, it is challenging to provide accu-
rate answers to NEST questions. This is not only
because negation reasoning itself is difficult, but
also because NEST questions naturally contain
multiple constraints1. Therefore, NEST KGQA
requires interpreting all of the constraints in a ques-
tion and converting them into an executable query.
In practice, NEST questions are structurally more
complex than non-NEST questions, which substan-
tially increases the risk of generating unexecutable
queries. This is because existing SP-based studies
(Li et al., 2023; Nie et al., 2024; Luo et al., 2024a;

1For example, the number of answers to “who did not
write Harry Potter?" is tremendous. It is rarely meaningful
in realistic QA scenarios.

Agarwal et al., 2025) rarely consider semantics of
a KG. To alleviate this issue, we propose a novel
framework, Code generation and schema-gUided
matChing for Knowledge graph-based questiOn
cOnstraints (CUCKOO). A constraint-aware draft
generation module first extracts constraints in a
given question and generates a logical form draft
in an in-context manner. Then a schema-guided se-
mantic matching module converts the draft into
a list of logical forms. Since the matching is
grounded on a KG schema, the logical forms are se-
mantically executable. Nevertheless, some flawed
drafts with formal defects trigger empty predic-
tion results. We propose a self-directed refinement
module that diagnoses errors in the draft and regen-
erates it without additional parameter tuning. The
experimental results reveal that CUCKOO achieves
the best or secondary best performance on both
NEST and non-NEST benchmarks. Our contribu-
tions are as follows2:

• We propose a novel task, NEST KGQA and
a corresponding benchmark, NestKGQA. To
effectively express negative constraints, PyLF
is introduced. We also reveal that answering
NEST questions is challenging for LLMs.

• We design an SP-based framework named
CUCKOO that explicitly models constraint
elements in draft generation and conducts
self-directed refinement. Experimental re-
sults on KGQA benchmarks demonstrate that
CUCKOO achieves outstanding generaliza-
tion performance.

• We present a schema-guided semantic match-
ing method that alleviates the unexecutability
of a logical form. It addresses a chronic chal-
lenge faced by SP-based approaches.

2 Related Work

2.1 Negation Reasoning on LLMs

Recent studies indicate that LLMs often misinter-
pret negative statements on various tasks. In natural
language inference settings, LLMs often fail to rea-
son on a sentence containing negation words (She
et al., 2023). LLMs also tend to ignore “not” and
generate answers equivalent to those for affirmative
statements (Truong et al., 2023). Ye et al. (2023)

2Dataset and code are available at https://github.com/
midannii/CUCKOO
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Function s-expression Description Class of output
JOIN(r, t, neg = bool) (JOIN r t) Find entities that are joined with t by r cdomainr

JOIN(R_r, h, neg = bool) (JOIN (R r) h) Find entities that are joined with h by reversed r cranger
AND(e1, e2) (AND e1 e2) Find intersection of e1 and e2 Same as e1 and e2

COUNT(e) (COUNT e) Return the number of e Integer

ARG(ma, h, r)
(ARGMIN h r),
(ARGMAX h r)

Among entities h, find the entity with the smallest (argmin)
or largest (argmax) value of a linked by r

cdomainr

CMP(mc, r, n)
(lt r n), (le r n),
(gt r n), (ge r n)

Find entities that are linked with a by r, where a is less than (lt) /
less than or equal to (le) / greater than (gt) / greater than or equal (ge) to n

cdomainr

START(i) - Start a logical form with i Same as i
STOP(e) - Stop a logical form -

Table 1: Description of PyLF functions. Note that a relation r ∈ R, entities {e, e1, e2, h, t} ⊂ E, attributes
{a, n} ⊂ A, and an instance i ∈ E ∪ A. ma and mc are parameters to determine which operator applies for an
answer. ma = {‘ARGMIN’, ‘ARGMAX’} and mc = {‘>’, ‘>=’, ‘<’, ‘<=’}.

report that LLMs exhibit limited robustness to lexi-
cal negation during complex reasoning. Moreover,
knowledge-intensive tasks show a significant per-
formance drop when negation operations are in-
volved (Rezaei and Blanco, 2024; Varshney et al.,
2025). Negation reasoning poses a significant chal-
lenge for LLMs and often magnifies hallucinations.
In this paper, we introduce a KGQA task that re-
quires negation reasoning with LLMs.

2.2 KGQA with LLM

Retrieval-augmented approaches are composed
of a subgraph retriever and an LLM-based reasoner
(Luo et al., 2024b). Some approaches aim to re-
fine knowledge for LLMs (Wu et al., 2024; Xu
et al., 2025). Nevertheless, there remain risks of
hallucinations, as the reasoning depends on LLMs.
Agent-based approaches treat an LLM as a KG-
exploring agent to find the best reasoning paths
(Sun et al., 2024; Tan et al., 2025). LLMs are
employed to use APIs (Xiong et al., 2024) or tools
(Jiang et al., 2023) to interact with KGs. However,
multiple-constrained questions require increased
LLM calls, raising computational cost and latency.
SP-based approaches leverage an LLM as a logi-
cal form generator, exploiting its strong generative
abilities (Li et al., 2023). Some approaches refor-
mulate logical form generation as code generation,
utilizing programming languages familiar to LLMs
(Agarwal et al., 2024; Nie et al., 2024). Meanwhile,
a self-correction module is proposed to refine code-
like logical forms (Agarwal et al., 2025) with error
messages of program execution.

3 Negative-constrained KGQA

3.1 Preliminaries

KG Let E, A, and R denote the sets of entities,
attribute values, and relations, respectively. We

define a KG G = {(h, r, t) | h ∈ E, r ∈ R, t ∈
E ∪ A}, where a triple (h, r, t) indicates a rela-
tion r from a head entity h to a tail entity or at-
tribute t. Note that the KG is under closed-world
assumptions like conventional KGQA studies to
focus on scenarios that rely solely on knowledge
within the KG since precision is important (Álvez
et al., 2020).
Logical Form l is a machine-interpretable meaning
representation that captures semantics of a given
question. We use PyLF as a logical form.
KG schema Each r constrains h to belong to
cdomainr ∈ C, and t to belong to cranger ∈ C ∪ D.
Here, C denotes classes, each defined as a set of en-
tities, and D denotes a set of data types. We define
(cdomainr , r, cranger ) as a schema-level triple and
(h, r, t) as an instance-level triple.
Reasoning path is a linear chain from a topic entity
in a question to answer entities. The path is decom-
posed into one or multiple instance-level triples.
Constraint S = Spos ∪ Sneg ∪ Scal. A positive
constraint, Spos, is satisfied when all triples in a rea-
soning path exist in G. Sneg is a negative constraint
that is satisfied when at least one triple (h, r, t) in
a reasoning path is not present in G, where h is an
instance of cdomainr and t is an instance of cranger ,
as marked by a red dashed line in Figure 1. A cal-
culation constraint, Scal, requires calculations such
as comparison and counting. The total number of
constraints included in each question is the sum of
the number of reasoning paths and the number of
calculation constraints.
KGQA Given a natural language question qi con-
taining a non-empty constraint set Si ⊂ Spos ∪
Sneg ∪ Scal, KGQA aims to generate li to return a
non-empty answer set satisfying Si based on G.
NEST KGQA Among KGQA, NEST KGQA aims
to answer qi containing constraint set Si where
n(Si) > 1 and at least one constraint is in Sneg.
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Constraint-aware 
Draft Generation 

Schema-guided Semantic Matching

Refined logical form draft �𝐿𝐿𝑖𝑖

Translation into SPARQL 
and Execution on KG

Question 𝑞𝑞𝑖𝑖

Logical form draft �𝐿𝐿i 

Set of executable logical form list  �𝐿𝐿𝑖𝑖 Self-directed Refinement

DeltaAnswer 𝑎𝑎𝑖𝑖

If the prediction is empty and 
 the draft has not been refined?

Yes

NoWhich rocket was not produced by 
Boeing Company and also has a mass 

less than 2.32e+3 ?

Figure 2: An illustration of CUCKOO framework. A constraint-aware draft generation module first isolates relevant
constraint elements in a given question and generates a logical form draft in an in-context learning manner. The
draft is then fed into a schema-guided semantic matching module to ground semantically valid KG components. The
matched logical form list is converted into SPARQL queries and executed on a KG. Only when the query returns an
empty answer set does a self-directed refinement module revise the original draft based on few-shot demonstrations.

3.2 PyLF

In order to improve the expressiveness of nega-
tive constraints while maintaining readability, we
design a novel logical form, PyLF. Table 1 is a sum-
mary of PyLF. In detail, we extend meta-functions
(Nie et al., 2024), which are defined as a Python
version of s-expression (Gu et al., 2021). This is
because LLMs are exposed to substantial amounts
of Python code during pre-training, and the func-
tions have been reported to have low syntax errors
(Nie et al., 2024).

To indicate negative constraints, we add a bool-
ean argument neg in JOIN(). For example, “not pro-
ducing Saturn” is expressed as JOIN(‘producing’,
‘Saturn’, neg = True), whereas its positive coun-
terpart is expressed as JOIN(‘producing’, ‘Saturn’,
neg = False).

We also add a prefix R_ to clarify whether the
answer should be drawn from the head or the tail of
a triple. For instance, “Which rocket is produced by
Boeing Company?" requires querying a tail entity
of (Boeing Company, producing, Saturn). Oth-
erwise, “Which company produces Saturn?" asks
a head entity of the same triple. The existing func-
tion expresses the questions as JOIN(‘producing’,
‘Boeing Company’) and JOIN(‘producing’, ‘Sat-
urn’), respectively. The difference between the
second arguments of them is insufficient to distin-
guish the semantic difference between the ques-
tions. In contrast, PyLF represents the former as
JOIN(‘R_producing’, ‘Boeing Company’). It al-
lows us not only to perform an elaborate seman-
tic parsing, but also to identify each expression’s
return type. Given a schema-level triple (rocket

manufacturer, producing, rocket)3, an output of
JOIN(‘producing’, ‘Saturn’) is guaranteed to be an
instance of rocket manufacturer. Both modifi-
cations are used to filter out invalid functions in
schema-guided semantic matching (Section 4.2).

3.3 Data Construction

We construct NestKGQA by modifying existing
KGQA datasets, GrailQA (Gu et al., 2021) and
GraphQ (Su et al., 2016), since they capture se-
mantic structures of each question explicitly. From
the source datasets, we select questions containing
at least 2 constraints. Among them, 10 randomly
selected examples are annotated by 4 graduate stu-
dents with background knowledge in KGQA. We
employ GPT-4o to annotate the rest of the examples
in an in-context manner. Given a question, a logical
form, and a negative version of the logical form,
the model is instructed to generate a new question.
The new logical form is made by changing one pos-
itive constraint of the question with a negative one
(details in Appendix A). Ten demonstrations from
the annotators are also included in the prompt for
guidance. The generated outputs are cross-checked
and refined by the annotators for logical validity.
Questions without answers are excluded to ensure
the reliability of NestKGQA.

4 CUCKOO

Figure 2 is an illustration of CUCKOO, a
generation-and-matching paradigm for KGQA.

3The original schema is (spacefight.rocket_manufacturer,
spaceflight.rocket_manufacturer.rockets_manufactured, space-
flight.rocket), but it is simplified for a clear explanation.
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Figure 3: Schema-guided semantic matching. (a) Partial example of schema-guided semantic matching. (b) Logical
tree of (d). (c) Example of a draft to be matched. (d) One of the candidate logical form lists after the matching. Each
logical form may be converted into a logical tree because PyLF originates from s-expression, which have nested
structures. The semantic matching aims to determine which KG item corresponds to each leaf node.

4.1 Constraint-aware Draft Generation
To generate a logical form draft of each question,
conventional in-context learning paradigm (Brown
et al., 2020) is adopted. Given a question qi, a
logical form draft L̄draft is derived as:

L̄draft = f(Idraft, F, Ddraft
i , qi) (1)

with an LLM f , an instruction Idraft, PyLF signa-
tures F , and k illustrative demonstrations Ddraft.
The detailed prompt is present in Appendix B. As
shown in the lower-left of Figure 2, f is prompted
to decompose the question in order to identify the
constituent constraints. All topic entities and liter-
als with corresponding constraints in the question
are enumerated before generating a logical form
draft. This process urges the LLM to explicitly con-
sider all constraints in a question when generating
the draft.

4.2 Schema-guided Semantic Matching
Previous studies (Li et al., 2023; Nie et al., 2024)
conduct semantic matching in a brute-force man-
ner. For each entity mention, the top Ke entities
are matched solely based on cosine similarity to
generate logical form candidates. Likewise, for
each relation, top Kr relations are selected. Then
the candidates are executed one by one on a KG
until the execution result is not null. As the logi-
cal form grows longer, the number of executions
increases exponentially. To avoid this, we propose
a schema-guided semantic matching method that
exploits KG schema as shown in Figure 3.

Initializing It starts with START() function, which
takes a topic entity mention or a numeric value in a
question as an input argument. When a mention is
a numeric value, we assign a proper data type such
as float for ‘2.32e+03’ in Figure 3(c) 3⃝. Cosine
similarity between the embeddings of each mention
and surface names of entities in a KG is computed
to retrieve the top j candidate entities. As shown in
Figure 3(a), a mention ‘boeing’ in Figure 3(c) 1⃝
derives multiple candidate entities. They belong to
various classes, candidate classes, which are clues
to match other mentions in posterior functions.
KG Grounding It first extracts all schema-level
triples containing the candidate classes. Then,
a comparison of cosine similarity between the
embeddings of a relation name in each triple and
a relation mention in the draft is conducted. For
example, ‘spaceflight_rocket.manufacturer’, the
first argument in Figure 3(c) 2⃝, is compared with
elements of r column of the table in Figure 3(a).
Among them, relations with a similarity greater
than θ are matched to the mention. In this example,
spaceflight.rocket_manufacturer.rockets_manu-
factured and spaceflight.rocket.manufacturer
are matched. This leads to ‘boeing’ in Figure
3(c) 1⃝ matched into m.0178g, an instance of
spaceflight.rocket_manufacturer. According to
Table 1, an output of Figure 3(c) 2⃝ is an instance
of spaceflight.rocket.

The matched entity and relations are marked
with blue nodes of a logical tree in the upper left
corner of Figure 3(b). The same process is applied
to other nodes to complete all nodes in the logical
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tree. As a result, expression 1⃝ is matched with
one entity. Expressions 2⃝ and 4⃝ are matched with
2 and 2 relations, respectively. The logical form
draft yields 1×2×2=4 executable logical form can-
didates. Whereas existing methods require K1

eK
2
r

executions. Our method achieves a considerable
reduction in computation cost. Figure 3(d) is an
example of the candidates. Each candidate is con-
verted into SPARQL and executed on a KG. As
in the previous studies (Li et al., 2023; Nie et al.,
2024), the first executed query is considered the
final prediction.

4.3 Self-directed Refinement
Although the generated logical form is semantically
executable by schema-guided semantic matching
methods, some drafts may possess the wrong for-
mat, be grammatically incorrect, or fail to under-
stand the constraints. To mitigate this, we invoke a
self-directed refinement stage, triggered only once
when the query execution result is empty.

As depicted in the lower-right part of Figure 2,
CUCKOO first identifies a critique category for re-
finement from predefined error cases: an absence
of constraint decomposition (no question_info),
incorrect formatting of constraint decomposition
(wrong question_info), incorrect PyLF function
syntax (wrong expression), and incorrect format-
ting of both components (wrong format). Then
CUCKOO generates a new draft. Unlike previous
code generation approaches (Agarwal et al., 2025;
Zheng et al., 2024), CUCKOO is independent of ac-
cess to external execution feedback and additional
LLM calls, alleviating cost and latency. Formally,
the refined draft for qi is obtained by:

L̂i = f(Irefine, F, Drefine
i , qi, L̄i) (2)

where Irefine denotes a refinement-specific in-
struction and Drefine

i is a set of demonstrations
that include training questions, an initial draft, and
a gold logical form. F and L̄i are the same as in
Equation (1). The details are in Appendix B.

5 Experiments

All experiments were conducted to answer the fol-
lowing research questions (RQ): (1) Are LLMs
skillful at answering questions that require nega-
tion reasoning on KGQA? (2) Is CUCKOO supe-
rior to previous SP-based methods in terms of both
performance and efficiency? (3) How does each

Method GrailQA WebQSP GraphQ NestKGQA

Llama3-8B-Instruct 15.8 39.1 35.9 12.0
QWEN 2.5-7B 25.7 39.7 28.5 20.1

LLM DeepSeek-v2-Lite 11.5 25.0 16.2 3.0
I/O DeepSeek-R1-QWEN-7B 18.4 20.1 13.6 8.3

GPT-3.5-turbo 24.0 63.3 21.6 5.4
GPT-4o-mini 25.9 49.4 28.2 9.7

Llama3-8B-Instruct 27.7 45.7 35.2 12.8
QWEN 2.5-7B 26.9 39.7 31.2 20.3

LLM DeepSeek-v2-Lite 12.5 27.6 19.1 4.5
w/CoT DeepSeek-R1-QWEN-7B 20.6 20.1 15.4 10.2

GPT-3.5-turbo 27.0 62.2 21.8 7.7
GPT-4o-mini 32.9 61.7 28.6 11.8

Table 2: Exact Match result on Zero-shot LLM.

module of CUCKOO contribute? (4) How well
does CUCKOO perform on challenging questions,
such as multiple constraints and calculations?

5.1 Experimental Setup

Dataset and Evaluation Metrics The overall ex-
perimental setup follows previous SP-based KGQA
studies (Li et al., 2023; Nie et al., 2024). We-
bQSP (Yih et al., 2016), GraphQ (Su et al., 2016),
GrailQA (Gu et al., 2021), and our proposed
NestKGQA are used to evaluate CUCKOO. The
details of each dataset are given in Appendix C.1.
We reported results using Exact Match (EM) and
F1 score (percentage).
Baselines To evaluate the performance of LLMs
on NEST KGQA, we set various LLMs as base-
lines: GPT-3.5-turbo, GPT-4o-mini (Achiam et al.,
2023), Llama3-8B-Instruct (Grattafiori et al., 2024),
DeepSeek-v2-Lite (16B) (Liu et al., 2024), QWEN
2.5-7B (Hui et al., 2024) and DeepSeek-R1-
QWEN-7B (Guo et al., 2025). We also con-
ducted experiments using the Chain-of-Thought
(CoT) (Wei et al., 2022), which is known to im-
prove reasoning ability. Meanwhile, we compared
CUCKOO with SP-based KGQA models, KB-
BINDER (Li et al., 2023) and KB-Coder (Nie et al.,
2024) based on in-context learning. We also in-
cluded fully supervised methods in baselines: De-
cAF (Yu et al., 2023), TIARA (Shu et al., 2022),
ArcaneQA (Gu and Su, 2022) and SG-KBQA (Gao
et al., 2025). The details of each baseline are in
Appendix C.2
Implementation Details The overall implemen-
tation follows KB-BINDER (Li et al., 2023) and
KB-Coder (Nie et al., 2024). In the draft genera-
tion module, we selected the top k demos from the
training data for each test example based on the co-
sine similarity of SimCSE embedding (Gao et al.,
2021). We set k as 40 for GrailQA/NestKGQA
and 100 for WebQSP/GraphQ. For self-directed
refinement, top 10 demonstrations are selected for
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Methods I.I.D. Compositional Zero-shot Overall

EM F1 EM F1 EM F1 EM F1

Full Supervised on the Entire Training set

DecAF 88.7 92.4 71.5 79.8 65.9 74.7 72.5 81.4
TIARA 88.4 91.2 66.4 74.8 73.3 77.3 75.3 81.9
SG-KBQA 93.1 94.6 78.4 83.6 84.4 87.9 85.1 88.5

In-Context Learning (Training-Free)

KB-BINDER (1) 71.8 72.4 40.8 47.6 37.1 40.8 46.1 49.8
KB-Coder (1) 72.0 72.6 44.6 48.5 43.2 48.3 50.3 54.1
CUCKOO (1) 75.4 76.8 53.2 56.9 54.3 57.0 59.0 61.6

KB-BINDER (6) 73.4 74.8 46.3 46.9 45.9 48.6 52.5 54.5
KB-Coder (6) 74.8 72.9 45.5 50.8 46.7 51.6 51.2 56.3
CUCKOO (6) 77.8 78.9 56.5 59.2 57.5 59.8 62.1 64.2

Table 3: EM and F1 results on GrailQA.

Methods WebQSP GraphQ NestKGQA
Full Supervised on the Entire Training set

ArcaneQA 75.6 31.8 7.8
TIARA 78.7 37.9 0.0
SG-KBQA 80.3 43.5 2.3

In-Context Learning (Training-Free)
KB-BINDER (1) 68.9 26.7 3.7
KB-Coder (1) 72.2 30.0 21.7
CUCKOO (1) 69.0 36.7 20.3
KB-BINDER (6) 70.4 32.7 4.6
KB-Coder (6) 75.2 35.8 24.4
CUCKOO (6) 70.8 40.8 26.2

Table 4: F1 results on WebQSP, GraphQ and
NestKGQA

draft generation. GPT-3.5-turbo is employed as
f to generate 1 and 6 candidates denoted as (1)
and (6), respectively. The final prediction was de-
termined by majority voting (Wang et al., 2023).
The temperature is set to 0.9. In schema-guided
semantic matching, we set j=10 to retrieve entity
candidates via cosine similarity between SimCSE
embeddings. To enhance efficiency, faiss indexing
(Johnson et al., 2019) is used for all relations and
entity names. A similarity threshold is applied to
θ = 0.7 for GrailQA/NestKGQA and θ = 0.8 for
WebQSP/GraphQ. All experiments are conducted
on a single NVIDIA RTX 3090 Ti (24 GB). We
reported fully reproduced results to ensure strict
comparability.

5.2 Main Results

To verify RQ1, we reported zero-shot performance
on NestKGQA for various LLMs. As in Table
2, EM scores of all LLMs are significantly lower
than those of existing KGQA datasets. The result
suggests that NEST KGQA, which requires both

negation reasoning and understanding multiple con-
straints within a question, is challenging for LLMs.

Tables 3 and 4 demonstrate performance on
KGQA benchmarks of CUCKOO compared to the
baselines. CUCKOO achieves state-of-the-art or
secondary best in training-free settings. Our frame-
work especially demonstrates significant improve-
ments on challenging questions, such as Composi-
tional and Zero-shot splits of GrailQA. CUCKOO
also achieves the secondary best after KB-Coder
on WebQSP, which consists entirely of I.I.D. Ac-
cording to the definition of I.I.D. setting, the same
example is assured to exist in k-shot demonstra-
tions. Since KB-Coder simply mimics a ground-
truth draft in the demonstration, it is more likely
to answer the I.I.D. questions. In this case, enu-
merated constraint elements in CUCKOO’s draft
generation may act as noise. This tendency is
also observed in the I.I.D. split of GrailQA. On
the other hand, CUCKOO outperforms the base-
lines on GraphQ, which is constructed solely under
compositional settings. The result indicates that
CUCKOO’s strength lies not merely in superficial
matching between questions and logical forms, but
in its generalization ability.

Moreover, CUCKOO achieves the highest F1
score in NestKGQA among all baselines. KB-
Coder ranks second with a substantial gap from
KB-BINDER. The result suggests that a Python-
formatted logical form offers an advantage in han-
dling complex questions. As a result, CUCKOO
consistently excels in handling not only conven-
tional KGQA but also NEST KGQA (RQ2).

Meanwhile, supervised fine-tuning methods per-
form poorly on NestKGQA. In particular, TIARA
and SG-KBQA achieve F1 scores below 5. This
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Method GrailQA NestKGQA
CUCKOO 64.2 26.2
w/o Self-directed Refinement 63.2 25.8
w/o Constraint Elements 61.3 24.4
w/o Schema-guided Semantic Matching 56.6 16.3

Table 5: Ablation Study of CUCKOO.

Method input tokens Inference time CPU Memory
KB-Coder 5598.08 23.76s 4.7 GB
CUCKOO 6289.06 38.45s 4.4 GB

w/o Refinement 6256.80 32.25s 4.4 GB

Table 6: Comparison of efficiency per question.

suggests that the models fail to encourage logical-
form generation fundamentally, but may lead them
to induce surface-level mimicry.

5.3 Ablation Study
We attempted to prove whether CUCKOO’s com-
ponents are necessary (RQ3). Table 5 reports F1
scores for the ablation study.

Since self-improvement occurs only in specific
situations, it contributes slightly to performance
improvement. Constraint elements also contribute
to understanding constraints in a question. Elim-
inating the elements in both draft generation and
refinement reduces performance. The decline con-
firms that surfacing constraints is substantial to
help the model comprehend the question. Most of
all, the schema-guided semantic matching module
is essential. Replacing the module with a canonical
brute-force matching noticeably lowers all metrics
for both datasets. Since the brute-force manner con-
siders all possible cases, it is expected to achieve
higher performance. Nevertheless, it actually in-
creases the possibility of wrong but executable
queries as a final prediction. In contrast, our se-
mantic matching achieves good performance while
reducing the number of execution cases.

5.4 Further Analysis
For RQ2 and RQ4, we examine CUCKOO with re-
spect to efficiency and robustness on challenging
questions. We also conducted an error analysis and
a case study, in Appendix D and E, respectively.
Analysis of the number of constraints Figure
4(a) demonstrates CUCKOO’s performance with
respect to the number of constraints in a ques-
tion. CUCKOO maintains a consistent margin over
KB-Coder across all levels, especially on complex
questions. For questions with three constraints,
CUCKOO achieves the highest EM score. This in-
dicates that CUCKOO predominates in interpreting

multiple constraints and deriving a precise answer.

Figure 4: In-depth analysis on GrailQA.

Analysis of function types Figure 4(b) shows
whether CUCKOO is fluent in handling various
calculations, annotated as ‘function’ in GrailQA
benchmark. Performance of CUCKOO has im-
proved not only for relatively simple calculations
such as none and count, but also for comparisons
and superlatives. In particular, there is a remarkable
improvement in performance from 3.1 to 53.1 for
superlative questions, which are the most difficult
for the baseline. The result reveals that CUCKOO
maintains robustness regardless of calculation type.
Analysis of Efficiency Table 6 shows the efficiency
of CUCKOO compared to the existing method. The
average number of LLM input tokens per ques-
tion is about 12.3% higher for CUCKOO than
KB-Coder. This is because constraints are enu-
merated together during the draft generation stage.
Also, CUCKOO’s inference time is about 1.6 times
higher than KB-Coder due to two factors: extra
constraint enumeration during draft generation, and
additional lookup time for loading entity classes
and schema information in schema-guided seman-
tic matching. In addition, self-directed refinement
affects execution time as it requires not only calling
the LLM for draft regeneration but also perform-
ing semantic matching once again. However, in
terms of CPU memory usage, CUCKOO achieved
a 4.7% reduction relative to the baseline. It is due to
schema-based candidate pruning rather than brute-
force search in semantic matching.

6 Conclusion

This paper introduces a novel KGQA task incorpo-
rating negative-constrained questions that is under-
explored in prior studies. To express and evaluate
negative constraints, we constructed NestKGQA
dataset and PyLF. Furthermore, CUCKOO, an in-
context learning framework, is designed to explic-
itly model constraint elements within questions. To
address unexecutability, which is a long-standing
issue in SP-based methods, we proposed a schema-
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guided semantic matching method. A self-directed
refinement module is employed only when exe-
cution yields empty results, improving robustness
without additional parameter tuning. Experiments
demonstrate that CUCKOO achieves outstanding
performance across various KGQA benchmarks.

Limitations

Despite the promising results, our study has sev-
eral limitations. First, our method assumes closed-
world assumptions, which may be limited in appli-
cability to open-world scenarios. Second, the size
of NestKGQA dataset remains relatively small, as
it is constructed by extending the existing bench-
mark. Third, our study assumes the availability
of a complete schema. When the schema is im-
plicit or only partially specified, the proposed ap-
proach may require an additional schema extrac-
tion model. Lastly, since CUCKOO is based on in-
context learning, its performance is influenced by
the backbone LLM. Future work includes relaxing
closed-world assumptions, leveraging reasoning
ability of LLMs while alleviating hallucinations,
and investigating model-agnostic strategies to re-
duce dependency on specific LLMs.

Ethical Considerations

This paper aims to address negative-constrained
questions on KGQA by designing new benchmark
and models. During the data construction, we con-
firm the copyright licenses of seed datasets. We
employ LLMs’ generalization and reasoning abil-
ities on draft generation and self-directed refine-
ment of the proposed model. We also perceive that
LLMs may generate inappropriate outputs due to
inherent biases in their parametric knowledge. To
alleviate this, the model is designed to filter out
any invalid PyLF drafts before semantic matching.
Meanwhile, we employed an LLM to generate a
sketch of NestKGQA. The generated outputs are
subsequently cross-checked and refined by grad-
uate student annotators with relevant knowledge,
who were appropriately compensated for their time.
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Figure 5: Prompt for data construction

A Details of NestKGQA Construction

Existing SP-based KGQA datasets (Gu et al., 2021;
Su et al., 2016) are generally constructed through
template-based automatic generation, followed by
careful human refinement. In line with this stan-
dard pipeline, we automatically produce initial
question drafts and subsequently subject them to
detailed human review. The detailed generation
procedure is as follows.
Step 1: Selection of source examples GrailQA
(Gu et al., 2021) and GraphQ (Su et al., 2016)
were designed to include diverse reasoning hops
and function types. Since NestKGQA builds upon
these datasets, it naturally preserves their struc-
tural diversity with respect to reasoning complexity
and functional scope. From the source datasets,
we selected all questions containing two or more
constraints in their executable queries, resulting in
3,468 examples from GrailQA and 483 examples
from GraphQ.

Figure 6: Prompts for constraint-aware draft generation.

Step 2: Draft generation For each selected in-
stance, an initial negative draft was generated using
GPT-4o via carefully designed prompts as depicted
in Figure 5. The prompts were structured to pre-
serve the original semantic intent while explicitly
modifying or negating the relevant constraints. The
parts highlighted in blue in the figure show where
the original logical form was modified to generate
the negative version.

Step 3: Human verification and refinement All
generated drafts were reviewed by four indepen-
dent human annotators. Each question was man-
ually evaluated for (i) linguistic naturalness, (ii)
plausibility, (iii) correctness of the modified con-
straints, and (iv) the existence of at least one valid
answer. Questions without at least one valid answer
were removed. Based on criteria (i)-(iii), questions
were manually revised to achieve natural phras-
ing while maintaining the intended semantics and
constraints. Inclusion in the final dataset required
agreement from at least two annotators.

Step 4: Final statistics After this quality control
process, 3,252 examples from GrailQA and 476
from GraphQ were retained in the final dataset.
The resulting dataset was split into 2,514 training
examples and 1,214 test examples.
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B Details for CUCKOO

Constraint-aware draft generation Figure 6 is an
entire prompt for draft generation. Idraft instruct
the LLM to generate drafts for qi referring F to
follow syntax of the logical forms. Just before
generating the drafts, the LLM has to enumerate
constraints in qi.
Self-directed refinement Based on our preceding
error analysis4, we found that most incorrect drafts
fail to produce valid SPARQL queries, primarily
due to formatting errors or invalid function syn-
tax. Therefore, rather than focusing on localized
corrections, we design the refinement stage to en-
courage the model to introspect on and revise the
draft as a whole. The entire prompt for self-directed
refinement is shown in Figure 7. The prompt par-
tially shares the same components as the prompt in
Figure 6. However, Irefine first asks the LLM to
identify the critique most relevant to refinement.

The critique candidates correspond to er-
ror types observed during draft generation:
an absence of constraint decomposition (no
question_info), wrong constraint decomposi-
tion (wrong question_info), wrong PyLF func-
tion (wrong expression), and wrong formatting
(wrong format). According to the critique, the
LLM is employed to revise incorrect drafts into
a desired draft. Drefine contains fixed 10 exam-
ples, which are 1, 2, 3, and 4 examples for no
question_info, wrong question_info, wrong
expression, and wrong format, respectively.

C Experiment Details

C.1 Datasets

Table 7 is a summary of the statistics of all the
benchmarks in this paper. All of the datasets use
Freebase as a KG.

WebQSP (Yih et al., 2016) is a dataset con-
structed under a fully I.I.D. setting. The dataset
mainly consists of non-calculation questions in-
volving 1 to 2 hops. GraphQ (Su et al., 2016)
is focused on questions with complex semantic
structures. It includes questions with subgraphs
of up to 3 hops and handles various calculations
such as counting, comparison, and superlatives.
Note that GraphQ is a fully compositional setting.
GrailQA (Gu et al., 2021) is similar to GraphQ but

4We found that 11% of the errors were due to the absence
of constraint decomposition, 23% to incorrect constraint de-
composition, 29% to incorrect PyLF functions, and 37% to
formatting errors.

Figure 7: Prompts for self-directed refinement.

Dataset Generalization Level Train Dev Test
WebQSP I.I.D. 3,098 - 1,639
GraphQ Compositional 2,381 - 2,395
GrailQA I.I.D., Zero-shot, Compositional 44,337 6,763 13,231

NestKGQA Zero-shot, Compositional 2,514 - 1,214

Table 7: Data Statistics.

is a dataset that aims to improve the generalization
ability of KGQA systems. It evaluates data that
includes not only i.i.d. or compositional data but
also zero-shot entities and schemas. NestKGQA
proposed in this paper shares similarities with the
source datasets GR and GQ. To incorporate neg-
ative constraints, which include two or more con-
straints, the dataset only includes multi-hop and
multi-entity questions.

C.2 Baselines

C.2.1 In-context Learning Methods
KB-BINDER (Li et al., 2023) let LLM generate
a logical form draft for a given question based
on few-shot demonstrations, then directly refer-
ences the KB via BM25-based matching to bind
entities/relations, converting it into an executable
logical form. Meanwhile, to reduce format errors
when the LLM generates unfamiliar logical form
formats directly, KB-Coder (Nie et al., 2024) re-
formulate logical form generation as code genera-
tion. It aligns existing s-expressions into code style,
generates drafts via in-context learning, and con-
verts/validates the results into executable queries
to enhance few-shot performance and stability.
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C.2.2 Fully Supervised Learning Methods
ArcaneQA (Gu and Su, 2022) is a candidate enu-
meration approach that progressively generates and
expands the program (logical expression) step-by-
step. At each step, dynamic program induction
reduces the search space. Also TIARA (Shu et al.,
2022) retrieves the question-related entity, exem-
plary logical form, and schema item separately,
then uses all of them as input to generate a logi-
cal form through supervised learning. During the
generation phase, constrained decoding controls
the output space to reduce non-executable/non-
syntactic programs. Rather than considering the
schema, it compensates for generating incomplete
class and relation names.

Instead of generating only a logical form (risking
execution failure) or directly generating the answer
(weak justification), DecAF (Yu et al., 2023) jointly
generates the direct answer and logical form, then
combines them to form the final answer. Unexe-
cutable issues arising during semantic parsing are
temporarily mitigated by generating the direct an-
swer. SG-KBQA (Gao et al., 2025) aims to train a
model to generate logical forms by incorporating
schema information for each relation as input dur-
ing logical form generation. Furthermore, during
the generation phase, a fully-supervised LLM uti-
lizes the schema to perform entity disambiguation.
While actively leveraging schema like CUCKOO,
SG-KBQA incurs the cost issue of requiring LLM
training.

D Error Analysis

To understand the limitations of CUCKOO, we
analyzed the errors in the GrailQA dataset and clas-
sified them into four main types.

• Wrong function error (54.07%): In this case,
the model uses a pyLF function sequence that
differs from the gold logical form. For ex-
ample, a gold logical form requires a JOIN-
JOIN-AND composition, but the model in-
stead generates a JOIN-AND structure. Such
errors predominantly occur in examples on the
compositional setting, where the model must
handle unseen logical form compositions.

• Entity linking error (25.67%): This error
type primarily occurs when entity mentions
are misrecognized during the constraint-aware
draft generation stage. In some examples, er-
rors propagate due to missing entity mentions

in the FAISS index.

• KB component linking error (20.19%):
This occurs when the generated PyLF
contains incorrect components, relations
and classes. Freebase components have
long names, resulting in many components
with similar names, such as broad-
cast.tv_station_owner.tv_stations and
broadcast.tv_station.founded. Due to
the nature of in-context learning, inference
involves following training examples to make
predictions. During this process, it often fails
to generate unseen components accurately
and instead generates components similar
to those in the training examples. The issue
propagates to the semantic matching stage,
leading to downstream errors. Meanwhile,
incorrect relation matching also occurs when
the domain and range are identical, but the
direction of the relation differs within the
JOIN() function.

• Wrong format error (0.07%): Only a very
small number of examples (two cases) fall into
this category. Despite applying self-directed
refinement, the LLM fails to follow the output
format and instead produces answers in the
CoT style.

E Case Study

Figure 8 shows a case study of CUCKOO with the
baselines. Since both KB-Coder and CUCKOO
employ GPT-3.5-turbo in an in-context learning,
we conducted the case study under the GPT family.

A question in Figure 8(a) has two constraints: a
negative constraint, ‘not in the International Sys-
tem of Units,’ and a calculation constraint, ‘to mea-
sure less than 1e-15 seconds.’ The gold answer
is ‘Planck Time’. The LLM-only and LLM-CoT
return femtoseconds (1e-15), failing to understand
any constraints. They focus narrowly on the nu-
meric component while ignoring the negative con-
straint. GPT-4o-mini partially considers the calcu-
lation, but still violates the negation. This shows
that LLMs struggle with negative constraints. Com-
pared to in-context KB-Coder, which also misin-
terprets negation, CUCKOO produces a correct
answer that satisfies both constraints. Likewise, a
question in Figure 8(b) contains ‘same tempera-
ment as the smooth fox terrier’ as a positive con-
straint, ‘not from Serbia’ as a negative constraint,
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Figure 8: Case study on questions with negative-constraint.

and ‘How many’ as a calculation constraint. The
correct answer is ‘6’. All baselines fail to pro-
vide a correct answer. GPT-4o-mini even offers
an ambiguous count “at least five". To make mat-
ters worse, GPT-3.5-turbo with CoT stops at an ex-
planatory outline and never derives a final answer.
CUCKOO correctly answers ‘6’, demonstrating
strong handling of multiple and varied constraints
(RQ2).
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