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Abstract

Knowledge Graph Question Answering
(KGQA) has evolved significantly with the ad-
vent of Large Language Models (LLMs). How-
ever, current benchmarks suffer from a severe
structural bias. They are dominated by simple
linear paths, while complex logical operations
such as Disjunction (Union) and Nested Logic
are noticeably scarce. Our quantitative analy-
sis of mainstream KGQA datasets reveals that
94% of questions are limited to chain-like rea-
soning, yet Union operations are completely
absent. To bridge this gap, we propose Com-
plexLogicalQA, a comprehensive benchmark
encompassing nine distinct Existential Positive
First-Order Logic (EPFO) structures. We de-
velop a novel logic-driven reverse-construction
pipeline that leverages LLMs to verbalize sam-
pled subgraphs, ensuring both structural com-
plexity and linguistic diversity. Extensive evalu-
ations across four paradigms reveal a significant
reasoning illusion: while models excel at linear
pattern matching, their performance collapses
on Union and Nested logic. Further analysis
identifies fundamental limitations in current
paradigms, such as disjunction blindness in re-
trieval and premature pruning in agent-based
search.

1 Introduction

Large Language Models (LLMs) have demonstrated
remarkable capabilities across a wide spectrum of
Natural Language Processing (NLP) tasks (Ope-
nAl, 2025; Achiam et al., 2023; DeepSeek-Al et al.,
2024). However, their deployment in knowledge-
intensive scenarios is often hindered by critical
limitations, most notably factual hallucinations and
reasoning deficiencies(Huang et al., 2025a). To
mitigate these issues, integrating external Knowl-
edge Bases (KBs) to augment LLM generation has
become a mainstream research direction (Lewis
et al., 2020). Among various knowledge sources,
Knowledge Graphs (KGs), characterized by their
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rich structured semantics and multi-hop connectiv-
ity, provide an essential structural foundation for
enabling and grounding complex logical reasoning.
Leveraging KGs to answer natural language ques-
tions defines the task of Knowledge Graph Question
Answering (KGQA), which challenges models to
derive answers by executing multi-hop reasoning
over structured graph data (Berant et al., 2013).
While existing KGQA benchmarks have success-
fully evaluated the multi-hop reasoning abilities of
LLMs to some extent, they suffer from a critical lack
of diversity in logical structures. Drawing upon es-
tablished formalisms in Complex Query Task(Ren*
et al., 2020), questions on KGs can be categorized
based on Existential Positive First-Order Logic
(EPFO) operations, including multi-hop projection
(1p, 2p, 3p), intersection (21, 3¢), union (2u), and
complex nested structures (ip, pi, up). Unlike lin-
ear projections which primarily assess sequential



Table 1: Summary of the 9 logical query structures in our dataset. The notation P denotes the projection operator,
while N and U denote intersection and union operations, respectively.

P(P({ex},r1) U P({e2},72),73)

What awards were won by movies directed by Nolan or Cameron?

Category | Type | Formal Definition | Natural Language Question
Ip P({e}, 1) Who directed the movie Inception?
Chain 2p P(P({e},r1),72) What is the birth country of the director of Inception?
3p P(P(P({e},r1),72),73) What awards were won by actors who starred in movies directed by Nolan?
2i P({ei},m1) N P({e2},r2) Who directed both Inception and Interstellar?
Intersection 3i P({e1},r1) N P({e2},m2) N P({es},m3) | Who is the director of Inception, Dunkirk, and Tenet?
ip P(P({e1},r1) N P({e2},12),73) What is the nationality of the actor who starred in both Inception and Titanic
pi P(P({e1},r1),m2) N P({e2},73) Who was born in a city located in the UK and also starred in Inception?
Union ‘ 2u ‘ P({ei},r1) U P({e2},r2) Who starred in Inception or Titanic?

reasoning depth, these complex structures are indis-
pensable for evaluating a model’s ability to handle
parallel constraints (Intersection) and disjunctive
search spaces (Union). Detailed definitions and
examples are presented in Table 1.

Unfortunately, current benchmarks exhibit a se-
vere bias towards simple multi-hop projection ques-
tions. To scientifically quantify this bias, we con-
ducted a large-scale structural analysis on 3,000
randomly sampled questions (1,000 each from We-
bQSP(Yih et al., 2016), CWQ(Talmor and Berant,
2018), and GrailQA(Gu et al., 2021)). As shown
in Table 2 and Figure 1b, WebQSP and GrailQA
are dominated by linear paths (1p, 2p), accounting
for 94.0% and 91.1% of their respective samples.
While CWQ introduces some intersection struc-
tures (21), it severely lacks nested logic. Most
critically, Disjunction (Union) operations (2u, up)
are completely absent (0%) across all three main-
stream benchmarks. This structural void funda-
mentally compromises the evaluation of reasoning
algorithms. State-of-the-Art (SOTA) methods that
excel on these leaderboards may essentially be over-
fitting to linear pattern matching.

To bridge this gap and provide a rigorous testbed
for logical generalization, we propose Complex-
LogicalQA, a comprehensive benchmark encom-
passing nine distinct logical structures. Departing
from previous approaches that rely on rigid tem-
plates, we adopt a logic-driven reverse-construction
pipeline. Specifically, we sample subgraphs cor-
responding to the target logical structures from
Freebase (Bollacker et al., 2008) and employ LLMs
to translate these structured queries into diverse nat-
ural language questions. To guarantee data validity,
we enforce a strict multi-stage verification protocol
featuring anti-leakage constraints, such as interme-
diate secrecy. In addition, we employ a cross-model
auditing loop where a secondary LLM iteratively
regenerates questions to resolve ambiguities. Hu-

man verification confirms the high quality of our
dataset, with 96% of sampled questions deemed
fluent and logically consistent.

Leveraging this benchmark, we conduct an
extensive evaluation across four distinct KGQA
paradigms: LLM-based methods (Wei et al.,
2022; Wang et al., 2023), Retrieval-based methods
(Mavromatis et al., 2025), Agent-based methods
(Sun et al., 2024; Xu et al., 2024), and Semantic
Parsing methods (Huang et al., 2025b; Yang et al.,
2025). Our experiments reveal a significant reason-
ing illusion: while current models excel on simple
linear paths, they suffer a severe performance col-
lapse when confronted with complex logical forms.
This finding highlights that reasoning in current
LLM-based systems remains fragile and lacks the
robustness required for Union and Nested logic.
Furthermore, we demonstrate that these failures are
not random but stem from fundamental limitations
in how current paradigms represent and retrieve
knowledge.

In summary, our contributions are as follows:

* We provide the first quantitative analysis of
logical structure distribution in mainstream
KGQA benchmarks, revealing a critical lack of
complex operations such as Union and nested
logic.

* We introduce ComplexLogicalQA, a high-
quality dataset covering nine First-Order Logic
structures, constructed via a novel logic-driven
reverse-construction pipeline.

* We benchmark four categories of KGQA meth-
ods, systematically exposing their limitations
in handling complex logic and offering new in-
sights for future research in logical reasoning
over Knowledge Graphs.



2 Related Work

2.1 Methodologies for KGQA

Existing KGQA approaches can be broadly catego-
rized into four paradigms based on their utilization
of LLMs and graph structures. LLM-based meth-
ods leverage the internal parametric knowledge of
models like GPT-5 and DeepSeek-V3 (OpenAl,
2025; DeepSeek-Al et al., 2024) through strategies
like CoT (Wei et al., 2022) and Self-Consistency
(Wang et al., 2023). However, without external
grounding, they remain prone to hallucination.
Retrieval-based methods address this by fetching
subgraph contexts, progressing from sparse (BM25)
or dense (BERT, MiniLLM) retrieval to advanced
frameworks like G-Retrieval (He et al., 2024) and
BYOKG-RAG (Mavromatis et al., 2025). Nev-
ertheless, these approaches suffer from retrieval
incompleteness in Union and nested queries. Their
reliance on semantic similarity creates a bottle-
neck where semantically distant triples located in
disparate logical branches are often overlooked,
leading to reasoning failures.

Alternatively, Agent-based methods such as
Think-on-Graph (Sun et al., 2024) and Generate-on-
Graph (Xu et al., 2024) treat KGs as environments
for autonomous navigation. While they ground rea-
soning in the graph structure, they are susceptible
to pruning errors in branching logic, where valid
but low-probability intermediate paths in Union or
nested queries are discarded during beam search.
Semantic Parsing (SP) approaches like ChatKBQA
(Luoetal., 2024) and TARGA (Huang et al., 2025b),
attempt to resolve these completeness issues by
translating questions into executable logical forms.
Although SP guarantees precise results for certain
complex operations, it remains hindered by so-
phisticated nested structures, where the structural
gap between natural language and formal syntax
frequently leads to parsing errors.

2.2 KGQA Datasets

The development of KGQA benchmarks has evolved
from single-relation retrieval in WebQuestions (Be-
rantetal., 2013) and SimpleQuestions (Bordes et al.,
2015) to multi-hop reasoning in WebQSP (Yih
et al., 2016) and CWQ (Talmor and Berant, 2018).
Recent benchmarks have further targeted special-
ized skills, such as compositional generalization
in GrailQA (Gu et al., 2021), numerical reasoning
in MarkQA (Huang et al., 2023), and retrieval ro-
bustness in M3GQA (Peng et al., 2025). Despite

Dataset | Ip 2p 3p | 2i 3i|ip pi|2u up

WebQSP 649 201 O |45 0|7 8|0 O
CWQ 55 504 201|182 8|7 430 O
GrailQA | 784 127 22 |36 2019 2|0 O

Table 2: Distribution of logical structures in 1,000
randomly sampled questions from major benchmarks.

this progress, a critical structural bias persists: ex-
isting KGQA datasets are heavily dominated by
linear chain structures (1p, 2p), while Union and
complex nested structures remains severely under-
represented.

A parallel field, Complex Query Answering
(CQA) (Ren* et al., 2020; Luus et al., 2021), also
targets FOL reasoning but is unsuitable for KGQA
due to two limitations: (1) it lacks natural language
questions, precluding evaluation of linguistic-to-
logical translation; and (2) it lacks realistic seman-
tics, as sampling based purely on connectivity often
groups unrelated entities. ComplexLogicalQA
bridges this gap by providing a benchmark that
combines CQA’s structural diversity with semanti-
cally coherent natural language questions.

3 Preliminaries

To establish a formal foundation for our benchmark,
we define KGQA through the lens of Existential
Positive First-Order (EPFO) logic queries.

3.1 Knowledge Graph and Logical Queries

We define a Knowledge Graph as G = (V, R, ),
where V is the set of entities, R is the set of binary
relations, and £ C V x R x V is the set of factual
triples. A triple (s,r,0) € &£ indicates that the
relationship r holds between the subject entity s
and the object entity o. A logical query ¢ aims to
find a set of answer entities [¢] C V that satisfy a
specific logical constraint.

3.2 Atomic Logical Operators

Following established formalisms (Ren* et al.,
2020), we decompose complex queries into three
atomic operators: Projection (P), which retrieves
adjacent entities; Intersection (), representing
logical conjunction (N); and Union (U), represent-
ing disjunction (U). We intentionally focus on
EPFO logic, encompassing projection, intersec-
tion, and union. Negation is excluded to avoid the
ambiguity inherent in the Open World Assump-
tion of KGs, where incomplete data can lead to
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unreliable negative gold standards. This ensures
that our benchmark remains a rigorous testbed for
multi-branch structural reasoning.

3.3 Logical Structure

By composing these atomic operators, we define
nine distinct logical structures, as summarized in
Table 1. While simple Chain queries (1p, 2p, 3p)
involve linear projections to evaluate sequential rea-
soning depth, Intersection (2i, 37, ¢p, pt) and Union
(2u, up) structures introduce complex branching
and nested logic. This rigorous categorization al-
lows us to systematically benchmark the model’s
capability to handle parallel constraints and disjunc-
tive paths, ensuring a comprehensive evaluation of
Existential Positive First-Order (EPFO) logic be-
yond simple pattern matching.

4 Data Construction

To systematically evaluate the logical reasoning ca-
pabilities of KGQA models, we introduce Complex-
LogicalQA. Unlike previous datasets constructed
via rigid sentence templates (which limit linguistic
diversity) or user logs (which lack complex logical
structures), our construction follows a logic-driven
reverse-generation pipeline. This paradigm en-
sures rigorous control over logical complexity while
leveraging the linguistic generalization capabilities
of LLMs. As illustrated in Figure 2, the pipeline
integrates anchor-centric sampling, question ver-
balization, and an iterative multi-stage verification
loop.

4.1 Anchor-Centric Structure Sampling

To ensure that our benchmark covers information-
rich and realistic regions of the Knowledge Graph,
we first collect all anchor entities from mainstream
datasets, including WebQSP, CWQ, and GrailQA.
These entities and their local neighborhoods serve
as the primary seeds for our structure-constrained
sampling process.

Target-Driven Backward Traversal for Intersec-
tions (27, 3¢). Instead of random forward sam-
pling, we iterate through the collected anchor list to
identify candidate answer entities e,,,s € V. From
a chosen eg;,s, we perform a backward traversal
along incoming relations to identify other potential
anchor entities. To ensure the reasoning task is non-
trivial, we enforce a non-overlap constraint: the
sets of entities reachable from different branches
must not be identical (P(e1,71) # P(e2,72)). This
forces the model to reason across all branches rather
than relying on a single redundant path.

Constrained Branching for Unions (2u,up).
Similar to intersections, we start from the collected
anchor seeds and traverse backward to form dis-
junctive structures. In addition to the non-overlap
constraint, we prioritize semantic coherence by re-
quiring all involved entities to belong to the same
high-level domain (e.g., all entities must share the
film.film type). This ensures that the union op-
eration is performed over logically related entities,
avoiding nonsensical questions.

Path Extension for Nested Logic (ip, pi). Nested
structures are constructed as compositional ex-



Metric | 1p 2p 3p 2i 3i ip pi 2u up | Avg/Total
Avg. Q. Tokens 9.6 14.3 18.4 142 18.1 19.1 19.2 16.6 19.9 16.6
Avg. Ans. Entities | 1.66  3.09 3.10 145 1.18 1.76 1.28 5.60 1.49 2.28
Avg. Triples 1.67 656 1070 2.89 353 479 355 7.05 12.74 5.94
Unique Entities 371 858 719 664 795 959 805 1,466 1,614 5,764

Table 3: Detailed statistics of the ComplexLogical QA Dataset. The dataset features high diversity in query length,
answer set size, and the number of reasoning triples required.

tensions of the 2¢ or 2u subgraphs. For an ip
structure (P(P(e1,71) N P(e2, r2),73)), we first
identify a valid intersection and then sample an
outgoing relation r3 from the intersection result
set. We strictly filter out uninformative relations
(e.g., common.topic.description) to maintain
high reasoning quality.

4.2 Question Verbalization

We leverage Large Language Models (LLMs) to
translate the sampled structured triples into natural
language questions. Unlike template-based meth-
ods, we provide the LLM with the logical intent
(e.g., “This is an Intersection-Projection query”)
and the set of supporting triples.

4.3 Multi-Stage Verification and Refinement

To ensure validity and solvability, each generated
question must pass a strict three-rule filter: (1) An-
chor Grounding requires the question to explicitly
mention anchor entities (e.g., Inception, Titanic) to
guarantee traversability; (2) Answer Secrecy pro-
hibits the inclusion of canonical names or aliases
of final answers to prevent string-matching short-
cuts; and (3) Intermediate Secrecy mandates that
bridging entities in the logic chain (e.g., DiCaprio
in the ¢p structure) remain hidden to enforce deep
reasoning.

For questions passing the rules above, we intro-
duce an additional diversity and fluency auditor. We
employ a secondary LLM to evaluate whether the
question is natural, logically sound, and grammati-
cally correct. If a question is flagged as awkward or
ambiguous, it is sent back to a different LLLM for re-
generation with specific refinement feedback. This
iterative loop continues for up to three attempts,
after which failed samples are discarded.

To strictly validate quality, three expert annota-
tors evaluated 1,000 stratified samples for Linguistic
Fluency and Logical Consistency. The evaluation
achieved a 98% inter-annotator agreement, confirm-
ing that 98% of samples are fluent and 96% are
logically consistent.

4.4 Dataset Statistics

Quantitative Analysis of Structural Bias. To
quantify structural bias, we analyzed 3,000 sam-
pled questions using a dual-track protocol. For
WebQSP and CWQ (SPARQL), three expert anno-
tators manually categorized the logical structures.
They cross-verified the results, achieving a 95%
inter-annotator agreement, ensuring high reliability.
For GrailQA (S-expressions), we used a determin-
istic parsing script to map function calls to our
topological definitions. As shown in Table 2, We-
bQSP and GrailQA are dominated by linear paths
(> 90%), while CWQ lacks nested logic. Cru-
cially, Union operations (2u, up) are completely
absent (0%) in all baselines. In contrast, our Com-
plexLogical QA strictly balances all nine logical

types.

Dataset Analysis. Table 3 presents detailed statis-
tics of ComplexLogical QA dataset(1,000 samples
per type, 9,000 total). The complexity of ques-
tions varies significantly across logical forms. For
instance, 3p and up structures involve longer reason-
ing paths, reflected in higher average token counts
(18.38 and 19.88, respectively) and a larger number
of supporting triples (12.7 average triples for up).
Notably, Union queries (2u) yield a significantly
larger answer set (avg. 5.6 entities) compared to
Intersection queries (3¢, avg. 1.18 entities), posing
distinct challenges for precision and recall in QA
models.

To ensure reproducibility, we provide all LLM
prompt templates, human evaluation guidelines,
and the specific annotation criteria used for the
structural analysis of existing benchmarks in the
Appendix.

5 Experiments

5.1 Experimental Setup

Knowledge Base Selection. We use Free-
base(Bollacker et al., 2008) to maintain consis-
tency with existing benchmarks (WebQSP, CWQ



Method 1p 2p 3p 2i 3i ip pi 2u up Avg.
He@l Fl |[He@l Fl1 H@l Fl1 |H@l Fl He@l Fl1 [H@l Fl [H@l Fl [H@l Fl1 H@l Fl ||[H@l Fl
LLM Reasoning
GPT-3.5-Turbo 0.36 0.29]0.30 0.18|0.18 0.13|0.28 0.21]0.26 0.22]0.19 0.14| 0.26 0.22]0.37 0.14|0.18 0.15]| 0.26 0.18
DeepSeek-V3 0.37 0.29]0.29 0.17/0.19 0.13|0.25 0.19]0.21 0.17]0.20 0.14| 0.27 0.22]0.40 0.16|0.20 0.16{| 0.26 0.18
GPT-5 0.40 0.320.35 0.20{0.21 0.17|0.31 0.28]0.29 0.27]0.25 0.17| 0.33 0.30{ 0.49 0.21|0.22 0.17]| 0.31 0.23
CdT 0.40 0.32]0.36 0.21|0.20 0.15]0.34 0.30| 0.33 0.30{0.29 0.20| 0.37 0.33]0.50 0.19|0.22 0.18] 0.33 0.24
SC 0.41 0.33/0.36 0.21|0.21 0.18|0.31 0.29]0.30 0.27]0.26 0.17| 0.35 0.31]{0.50 0.20|0.21 0.18]| 0.32 0.23
Subgraph Retrieval
Sparse (BM25) 0.67 0.63]0.53 0.47|0.31 0.28]0.47 0.46| 0.44 0.42|0.38 0.35| 0.37 0.34]0.78 0.40| 0.36 0.31{| 0.47 0.40
Dense (MiniLM) | 0.70 0.65]0.57 0.52|0.33 0.31]| 0.48 0.46|0.46 0.45|0.40 0.37| 0.36 0.33]0.77 0.46|0.38 0.36|| 0.49 0.43
BYOKG-RAG 0.77 0.72] 0.61 0.57|0.35 0.30| 0.56 0.53|0.51 0.49]0.47 0.42| 0.40 0.37| 0.84 0.53|0.46 0.40|| 0.55 0.47
Agents & Parsing
ToG 0.75 0.69| 0.65 0.60| 0.43 0.42( 0.57 0.57|0.55 0.54|0.43 0.40| 0.38 0.34| 0.79 0.43|0.44 0.41(| 0.55 0.48
GoG 0.71 0.68]0.63 0.57/0.41 0.38|0.57 0.56|0.56 0.55|0.44 0.40| 0.40 0.36| 0.80 0.45|0.50 0.46(| 0.55 0.49
TARGA 0.69 0.68]0.64 0.63| 0.40 0.39| 0.62 0.61| 0.60 0.60| 0.35 0.31| 0.34 0.32]0.75 0.66| 0.49 0.47| 0.54 0.51
Qwen3-8B-SP 0.65 0.63]0.59 0.57|0.37 0.34| 0.60 0.59]0.59 0.58]0.40 0.39| 0.35 0.31]0.73 0.61|0.51 0.50|| 0.53 0.50

Table 4: Performance on CompLExLoGicaLQA. Bold and underline denote the best and second-best results,

respectively. Double vertical lines separate structure-specific scores from the overall average.

and GrailQA). Freebase’s structured rigor also pro-
vides a cleaner testbed for EPFO operators than
Wikidata(Vrandeci¢ and Krotzsch, 2014), where
qualifiers and redundant properties might introduce
confounding variables into the evaluation of pure
logical reasoning.

Data Partition. ComplexLogicalQA consists of
9,000 queries, strictly balanced with 1,000 samples
for each of the nine logical structures. To rigorously
evaluate the generalization ability of models to
unseen entities, we adopt an entity-disjoint split
strategy. Specifically, we ensure that the anchor
entities in the test or validation set do not appear as
anchors in the training set. The dataset is partitioned
into training, validation, and test sets with a 7:1:2
ratio.

Baselines. We evaluate representative methods
across four paradigms: (1) LLM-based Reasoning:
Direct prompting on GPT-3.5 (Achiam et al., 2023),
DeepSeek-V3 (DeepSeek-Al et al., 2024), and GPT-
5 (OpenAl, 2025), augmented with CoTl (Wei
et al., 2022) and Self-Consistency (SC) (Wang
et al., 2023); (2) Retrieval-based: Sparse (BM25),
Dense Retrieval, and BYOKG-RAG (Mavromatis
et al., 2025); (3) Agent-based: Think-on-Graph
(ToG) (Sun et al., 2024) and Generate-on-Graph
(GoG) (Xu et al., 2024); and (4) Semantic Parsing
(SP): TARGA (Huang et al., 2025b) and fine-tuned
Qwen3-8B-SP (Yang et al., 2025). Detailed hy-
perparameters and implementation specifics are
provided in Appendix.

Metrics. We report Hit@1 (H@1) and F1-score
to assess single-answer correctness and complete
answer set retrieval, respectively.

Implementation Details. For data construction,
we employ gpt-5-2025-08-07 as the primary gen-
erator and gemini-2.5-pro as an auditor to verify
logical consistency and linguistic fluency. Queries
flagged as unsatisfactory are regenerated by Gemini
through an iterative refinement loop. In our eval-
uations, GPT-5 serves as the default backbone for
all baselines (including CoT and SC) unless spec-
ified otherwise. For embedding model, we used
all-MinilLM-L12-v2. Detailed hyper-parameters
and implementation specifics for tested methods
are provided in the Appendix.

5.2 Main Results

Table 4 reports the performance across four
paradigms, revealing a profound disparity between
finding a single correct answer (H@1) and retriev-
ing the complete answer set (F1). LLM-based
methods exhibit a reasoning illusion on complex
structures; while performing well on linear paths,
they fail to retrieve exhaustive results for branching
logic like Union, highlighting the limitations of re-
lying solely on internal knowledge. Retrieval-based
methods achieve competitive H@1 on proximal
operations (21i, 2u) but collapse on nested or long-
chain queries (2p, 3p) as the semantic distance to
remote triples increases. Their consistently low F1
scores, especially on Union, stem from an inability
to capture disparate logical branches.
Agent-based methods outperform retrieval on
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Figure 3: Retrieval quality comparison.

multi-hop structures through active exploration, yet
remain limited by pruning constraints used to man-
age computational complexity. This bottleneck
underscores the need for more intelligent traver-
sal strategies. Semantic parsing improves answer
coverage via deterministic execution, bypassing
pruning issues, but remains hindered by poor struc-
tural generalization. It frequently fails to accurately
map natural language to formal syntax in complex
or novel logical scenarios.

5.3 Diagnostic Analysis of Evidence Quality

To verify whether systems identify complete rea-
soning paths, we measure the recall and precision
of triples retrieved by Dense Retrieval, ToG, and
BYOKG-RAG against ground truth evidence. As
illustrated in Figure 3, performance declines on
2p and 3p despite high scores on 1p and 2i. ToG
achieves higher recall on multi hop paths through ac-
tive exploration, yet the precision drop reveals that
deeper traversal introduces significant graph noise.
A performance collapse occurs on nested and union
structures, where low recall and precision on 2u
indicate an inability to retrieve complete evidence
across parallel branches. For agent based systems,
this failure confirms that beam search pruning is
ill suited for union operations as parallel branches
are often discarded prematurely. These findings
substantiate the reasoning illusion, proving that
current systems lack the retrieval completeness and
noise resistance required for complex First Order
Logic.

5.4 Rationality and Semantic Coherence

We evaluate the realistic nature of our queries
through entity relatedness and pragmatic utility.
Our pipeline enforces strict domain constraints.
The average cosine similarity between anchor enti-
ties in Union queries is 0.76, significantly higher

than random pairs (0.57). Additionally, 100% of
queries maintain Answer Type Consistency, ensur-
ing disjunctive branches operate within coherent
semantic fields rather than conflating unrelated
domains.

As shown in Table 5, our structures reflect gen-
uine information needs. Union queries effectively
represent users’ intent to aggregate candidates from
parallel sources, while Nested queries facilitate
multi-constraint filtering via intermediate attributes.
These logical forms capture sophisticated inquiries
that simple linear chains cannot represent.

6 Analysis

While Table 4 demonstrates the performance col-
lapse on complex logic, it does not fully explain the
underlying mechanisms. We disentangle the error
sources into three systemic bottlenecks inherent to
current paradigms.

6.1 Retrieval-based Methods

For retrieval-based methods, handling Union
queries (2u, up) presents a fundamental dilemma.
A single vector fails to encode multiple distinct
targets, as it inevitably merges them into an un-
informative centroid. While one might propose
decomposing the query into sub-questions (e.g.,
retrieving Films by Nolan and Films by Cameron
separately), this effectively transforms the retriever
into a multi-step Agent, inheriting the computa-
tional complexity and error propagation discussed
below. Thus, pure single-step retrieval is severely
constrained in practice and struggles to handle
disjunctive logic without substantial architectural
modifications.

6.2 Agent-based Methods

Current agents rely on graph traversal (e.g., Beam
Search) to find answers. However, real-world KGs
are scale-free networks where nodes often have
high fan-out. This creates two critical failures.
First, Fixed-Budget Pruning: To manage combi-
natorial explosion, current agents rely on pre-set
hyperparameters (e.g., beam size k = 5). This
Fixed-Budget approach is fatal for Union queries.
As explicitly shown in Case 2 of Table 5, although
the query requires directors from both Pacific Rim
and Beverly Hills Cop, the agent pruned the latter
branch entirely, failing to retrieve valid answers like
R. Young because the model’s search budget was
saturated by the first branch. Second, Local-Global



Metric Case 1: Nested Logic (pi) Case 2: Disjunction (2u)
Question What dog breed shares the same temperament trait Which casting directors worked on Pacific Rim or
with the Basenji and also comes in the color Apricot? Beverly Hills Cop?
Gold Triples 1. (Basenji, temp., Curious) 1. (Pacific Rim, cast_dir., M. Simkin)
2. (Curious, dog_breeds, Schipperke) 2. (Pacific Rim, cast_dir., R. D. Cook)
3. (Apricot, breed_color, Schipperke) 3. (Bev. Hills Cop, cast_dir., M. Simkin)
4. (Bev. Hills Cop, cast_dir., R. Young)
GPT-5 {Poodle} {M. Simkin, V. Thomas, B. Timmermann, R. Young}
ERrOR: Failed to combine multi-hop constraints. Error: Hallucination & Incomplete results.
ToG Retrieved Paths: Retrieved Paths:

1. (Apricot, breed_color, Pug)

2. (Basenji, temp., Curious)

3. (Apricot, breed_color, Eng. Mastiff)
Pred: {Pug, English Mastift}

ERROR: Branch mismatch in constraint reasoning.

1. (Bev. Hills Cop, cast_dir., M. Simkin)
2. (Pacific Rim, cast_dir., M. Simkin)

3. (Pacific Rim, cast_dir., R. D. Cook)
Pred: {M. Simkin, R. D. Cook}

Error: Pruned Bev. Hills Cop branch.

Table 5: Case study comparing different paradigms. While LLLMs and Agents perform well on linear paths, they

suffer from a reasoning illusion in complex structures.

Mismatch: Agents exploring local paths often lose
track of global constraints (Nested Logic). In Case
1 (Table 5), ToG successfully retrieved entities
matching the color Apricot (e.g., Pug) based on
local transition probability, but failed to verify the
distant Basenji temperament constraint. This re-
sulted in a branch mismatch where independent
paths were retrieved but not correctly intersected,
leading to logically invalid predictions.

6.3 Semantic Parsing

Semantic Parsing (SP) methods typically follow
a generate-then-fill paradigm, constructing a log-
ical skeleton before instantiating specific entities.
This approach suffers from a dual failure mode.
Structural Fragility: The generation of executable
logical forms is error-prone. As noted in ChatK-
BQA (Luo et al., 2024), approximately 40.10%
of errors stem from unexecutable logical formats.
The structural gap between natural language and
formal logic (e.g., SPARQL) makes generalizing
to complex nested structures notoriously difficult.
Instantiation Inheritance: Even when the logical
skeleton is correct, the slot filling phase inherits the
defects of retrieval-based methods. To fill the slots
in a Union structure, the model must still perform
entity linking or subgraph retrieval, which falls prey
to the same representation dilemmas identified in
Section 6.1, resulting in a cascading failure where
correct logic is populated with incorrect entities.

6.4 Future Directions

Our analysis with ComplexLogicalQA reveals a
fundamental mismatch between the linear process-

ing of current models and the non-linear topology
of complex logic. To resolve Disjunction Blind-
ness in Union queries (2u, up), we must shift to
Logic-Geometry Alignment. This ensures embed-
dings support logical disjunctions geometrically,
rather than collapsing distinct branches into an
ambiguous centroid. Simultaneously, handling
branching logic requires Adaptive Resource Allo-
cation. This replaces rigid heuristics with dynamic
budgets that expand for disjunctions (A U B) while
conserving resources for linear chains. Finally, ad-
dressing Structural Erosion in Nested Logic (ip)
calls for Topology-Aware Decoding, where archi-
tectures natively respect the Directed Acyclic Graph
(DAG) structure to prevent the logical inconsisten-
cies caused by linearization.

7 Conclusion

We introduced ComplexLogicalQA, a benchmark
designed to address the lack of logical diversity in
existing KGQA datasets. By employing a logic-
driven reverse-construction pipeline, we generated
arigorous and linguistically natural dataset across
nine FOL query types. Our extensive evaluations
across four paradigms expose a critical reasoning
illusion, where current models fail to generalize to
branching logic or ensure retrieval completeness
despite excelling at linear patterns. ComplexLog-
ical QA provides a rigorous testbed to drive the
development of next-generation KGQA systems
that are more logically robust, grounded, and capa-
ble of handling sophisticated human inquiries.



Ethical Consideration

We have taken several steps to ensure our work ad-
heres to ethical standards. Data Provenance: Com-
plexLogicalQA is built upon Freebase, a publicly
available knowledge base released under a Creative
Commons Attribution License. We ensure that no
personally identifiable information (PII) is included
in the sampled subgraphs or generated questions.
Potential Biases: We acknowledge that Knowledge
Graphs like Freebase may contain inherent societal
biases regarding gender, race, or geography. While
our benchmark focuses on logical structure, the
underlying content may reflect these biases. We
encourage users of our dataset to remain cognizant
of these issues when training or evaluating models.
Finally, we consider the environmental impact
of our experiments; while benchmarking multiple
SOTA models requires significant computational re-
sources, we have optimized our evaluation pipeline
and will release all model outputs to minimize the
need for redundant computations by the community.

Limitations

Our benchmark construction primarily relies on the
Freebase knowledge graph, which may limit the di-
versity of underlying data compared to Wikidata or
proprietary graphs. However, Freebase’s rigorous
schema design renders it inherently more suitable
for validating complex logical reasoning than the
often noisy schemas of collaborative graphs. Fur-
thermore, since our objective is to evaluate logical
reasoning capabilities rather than the retrieval of
up-to-date knowledge, the temporal deprecation of
Freebase does not compromise the validity of the
structural assessment. Additionally, we restrict our
scope to Existential Positive First-Order (EPFO)
logic, excluding the negation operator. This exclu-
sion is necessitated by the Open World Assump-
tion and the inherent incompleteness of knowledge
graphs; verifying the correctness of questions in-
volving negation is notoriously difficult, as missing
edges cannot be definitively interpreted as false
assertions. In future work, we aim to address
these challenges and release updated versions of the
dataset that incorporate broader knowledge sources
and verifiable negation constraints.
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A Structural Analysis of Existing
Benchmarks

In Section 4.4, we analyzed the structural bias
of WebQSP, CWQ, and GrailQA. This appendix
details the classification criteria and mapping rules
used for this analysis.

A.1 WebQSP and CWQ (Human Annotation)

Since WebQSP and CWQ provide ground truth in
SPARQL format, structural identification requires
analyzing the graph topology implied by the query.
We instructed annotators to visualize the SPARQL
query as a computation graph and classify it accord-
ing to the following taxonomy:

* Chain Structures (1p, 2p, 3p): Defined by a
sequence of triple patterns where the object of
one triple serves as the subject of the next (e.g.,
Ty < (e,r1,7x) A (Tans < (Tx,re,7y)) is
classified as 2p).

¢ Intersection (2i,3:): Identified by multi-
ple triple patterns sharing the same variable
as the object, representing a conjunction of
constraints (e.g., Tans « (?x,ry, 7ans) A
(?y,ra, 7ans)).

* Nested Logic (ip,pi): Defined as a chain
structure where one node is further constrained
by an intersection (e.g., Tans is the object
of a chain, and the intermediate node is an
intersection of two other entities).

* Union (2u, up): Identified by the presence of
the UNION keyword in SPARQL, connecting
disjoint graph patterns that map to the same
answer variable.

Handling Ambiguity and Topological definitions.
To ensure structural precision, we enforced three
rigorous classification protocols during the manual
annotation of WebQSP and CWQ:

* CVT Node Expansion: We strictly adhere
to the physical graph topology regarding
Freebase’s Compound Value Types (CVT).
A traversal passing through a CVT node is
counted as two distinct hops (e.g., Entity —
CVT 25 Value is classified as 2p), rather than
semantically collapsing it into a single relation.
This prevents underestimating the reasoning
depth required by the model.
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* Reasoning Path vs. Shortest Path: We
explicitly reject the common heuristic of cate-
gorizing questions based solely on the shortest
path distance between anchor and answer enti-
ties. This metric is imprecise for two reasons:
(1) Path Mismatch: The intended semantic
logic often follows a specific, longer path (e.g.,
"spouse’s co-star") which may differ from a
coincidental direct link found by shortest-path
algorithms; and (2) Extended Verification:
Some questions require reasoning steps that
extend beyond the candidate answer to verify
a property (e.g., "What actor played in X and
[actor] won award Y?"), effectively adding a
hop that shortest-path metrics ignore.

* Intersection vs. Linear Qualifiers: A com-
mon ambiguity in CWQ arises between "Co-
occurrence" and "Intersection". We estab-
lished a strict rule: a query is classified as
Intersection (2i/37) only if the constraints ex-
plicitly narrow down the candidate set from
multiple independent branches. Linear quali-
fiers (e.g., limiting a movie by its release date)
are classified as part of the chain (2p) rather
than a topological intersection.

A.2  GrailQA (Script-Based Parsing)

GrailQA uses S-expressions, which allows for de-
terministic mapping. We developed a parser that
traverses the S-expression tree and counts the nest-
ing depth and operator types. The mapping rules
are as follows:

* JOIN: Treated as a projection step. A single
JOINrepresents 1p. Nested JOINs (e.g., (JOIN
r2 (JOIN r1 e))) increase the path length

(2p, 3p).
e AND: Treated as an Intersection node.

— If AND operates on two 1-hop paths origi-
nating from different entities, it is mapped
to 2i.

— If AND is nested within a JOIN, it is
mapped to nested logic (ip or pz7).

* OR: Although GrailQA’s schema supports
logical disjunction theoretically, our script
scanned all 1,000 sampled S-expressions and
found zero instances of the OR operator used
for merging distinct reasoning paths (Union),
confirming the 0% statistic reported in Table
2.



¢ Comparatives (e.g., GT, LT): These were
excluded from the topological count as they
function as filters rather than structural hops.

B Human Evaluation Protocols

To ensure the high quality of ComplexLogicalQA,
we conducted a rigorous human evaluation. This
section details the annotator profiles, evaluation
metrics, and the specific guidelines provided to the
annotators.

B.1 Annotator Profiles

We recruited three graduate students as annotators.
All annotators met the following qualifications:

* Advanced proficiency in English.

* Specific research experience in Knowledge
Graph Question Answering (KGQA) ensuring
familiarity with logical forms such as Intersec-
tion and Union.

* Prior experience with the Freebase schema.

B.2 Evaluation Criteria

Annotators were presented with the generated Nat-
ural Language Question (NLQ), the underlying
Logical Form and Triples, and the Answer Set.
They were asked to rate each sample on a Pass/Fail
basis according to the following two dimensions:

Criterion 1: Linguistic Fluency. A question is
marked as Pass if:

* It is grammatically correct and free of typos.

* It reads naturally like a question a human
would ask, rather than a robotic translation of
a database query.

* It avoids redundancy (e.g., "What is the movie
that implies the film...").

Criterion 2: Logical Consistency. A question is
marked as Pass if and only if:

* Accuracy: The question accurately reflects
all constraints in the logical form (e.g., if the
logic specifies "Intersection," the question may
imply "both" or "and").

* No Hallucination: The question does not
introduce extra constraints not present in the
logic (e.g., adding "famous actor" when the
logic only specifies "actor").
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* No Ambiguity: The question has a unique
interpretation corresponding to the provided
logical structure.

B.3 Evaluation Results

Table 6 presents the detailed breakdown of the
human evaluation results. The overall pass rate
(samples satisfying both criteria) is 96.0%.

Logical Structure

Chain (1p, 2p, 3p)
Intersection (2i, 3i)
Nested (ip, pi)
Union (2u, up)

Fluency (%) Consistency (%) Overall Pass (%)
99.3 98.7 98.0
98.6 97.0 96.3
97.5 95.2 94.5
96.8 94.5 93.8

98.1 96.4 96.0

Total Average

Table 6: Detailed human evaluation results. Complex
structures pose higher challenges but maintain a robust
pass rate (> 93%).

C Baseline Methodologies and
Implementation

To ensure a comprehensive evaluation, we bench-
marked methods across four paradigms. For founda-
tional baselines (LLM reasoning and pure retrieval),
we implemented customized pipelines optimized for
the ComplexLogical QA setting. For complex archi-
tectures (Agents, Semantic Parsing, and Advanced
RAG), we reproduced results using their official
open-source implementations to ensure fairness and
reproducibility.

C.1 Implemented Baselines

Chain-of-Thought (CoT) and Self-Consistency
(SC) We utilized GPT-5 as the backbone model
for these reasoning baselines. For Chain-of-
Thought (CoT), we implemented a few-shot
prompting strategy. The prompt includes three
diverse demonstrations (one linear, one intersec-
tion, and one union query) to guide the model in
breaking down complex logic step-by-step before
generating the final answer. The temperature was
set to @.0 to maximize deterministic output. For
Self-Consistency (SC), we sampled k£ = 5 distinct
reasoning paths for each query by increasing the
temperature to @.7. The final answer was deter-
mined via majority voting over the generated entity
sets, aiming to mitigate stochastic hallucinations
common in single-pass generation.

Sparse and Dense Retrieval These methods treat
KGQA as a document retrieval task, fetching rele-
vant triples to augment the LLM. Sparse Retrieval



(BM25): We linearized the Knowledge Graph
triples into text documents and used the BM25
algorithm to rank them based on lexical overlap
with the query. We set the parameters k; = 1.2 and
b = 0.75, retrieving the top-10 triples to ensure high
recall. Dense Retrieval: We employed a bi-encoder
architecture based on all-MiniLM-L12-v2. Dur-
ing inference, we encoded the question and graph
triples into dense vectors and retrieved the top-10
semantic matches based on cosine similarity.

C.2 Reproduced Baselines

For the following advanced methods, we strictly
followed their original papers and utilized their
official open-source codes for reproduction.

BYOKG-RAG (Retrieval-based) BYOKG-
RAG (Mavromatis et al., 2025) is an advanced
retrieval framework that goes beyond simple
similarity matching. It employs a multi-strategy
retrieval mechanism combining dense retrieval
with graph-aware exploration to fetch relevant
subgraphs. We used its default configuration.

Think-on-Graph (ToG) and Generate-on-Graph
(GoG) (Agent-based) These methods model the
QA process as an agent navigation task over the
KG. Think-on-Graph (ToG) (Sun et al., 2024)
utilizes an LLM agent to iteratively search for ev-
idence paths using beam search. It assesses the
probability of relation paths to prune the search
space. Generate-on-Graph (GoG) (Xu et al.,
2024) integrates the LLM as both the agent and the
knowledge graph, generating potential reasoning
paths and validating them against the structured KG.
For both methods, we set the beam size £ = 3 and
the maximum reasoning depth to 3 as its default
configuration.

TARGA and Qwen3-8B-SP (Semantic Parsing)
Semantic parsing methods aim to translate natural
language questions into executable logical forms
(e.g., SPARQL). TARGA (Huang et al., 2025b)
utilizes a targeted synthetic data generation pipeline
to train parsers that are robust to structural vari-
ations. Qwen3-8B-SP (Yang et al., 2025) is a
specialized fine-tuned version of the Qwen3 model
optimized for text-to-SPARQL tasks. We fine-tuned
the Qwen3-8B base model on the training split of
CompLEXLoGICALQA to serve as a specialized se-
mantic parser for text-to-SPARQL generation. To
achieve parameter-efficient adaptation, we utilized
Low-Rank Adaptation (LoRA). The LoRA config-
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uration was set with a rank r = 64, alpha oo = 16,
and a dropout rate of 0.05, targeting the query and
value projection layers. The model was trained
for 3 epochs using the AdamW optimizer with a
learning rate of 2e-4, a global batch size of 32, and
a cosine learning rate scheduler with a 3% warmup
period.

D Dataset Samples

Table 7 provides concrete examples for each of
the nine logical structures in ComplexLogicalQA.
These samples illustrate the linguistic diversity and
the structural complexity of the questions generated
by our pipeline.

E Prompt Templates

We provide the detailed prompt templates used in
our logic-driven reverse-construction pipeline.



Type Question Answer Triples
1p Which country used the East [East Germany] (East German mark, finance.currency.countries_formerly_used, East
German mark as its former cur- Germany)
rency?
2p What are the colors of the team  [White, Red, Blue] (Tom Hicks, sports.sports_team_owner.teams_owned, Texas Rangers)
owned by Tom Hicks? (Texas Rangers, sports.sports_team.colors, Red)
(Texas Rangers, sports.sports_team.colors, White)
(Texas Rangers, sports.sports_team.colors, Blue)
3p What is the hex triplet of the [000000] (Lou Seal, sports.mascot.team, San Francisco Giants)
color associated with the team (San Francisco Giants, sports.sports_team.colors, Black)
that Lou Seal is the mascot for? (Black, base.schemastaging.visual_color_extra.hex_triplet, 000000)
2i Which cat breeds are both Gentle  [Birman, American Short- (Gentle, base.petbreeds.cat_temperament.cat_breeds, Birman)
and Quiet? hair] (Gentle, base.petbreeds.cat_temperament.cat_breeds, American
Shorthair)
(Quiet, base.petbreeds.cat_temperament.cat_breeds, Birman)
(Quiet, base.petbreeds.cat_temperament.cat_breeds, American
Shorthair)
3i Which film was directed by [Aida] (Clemente Fracassi, film.director.film, Aida)
Clemente Fracassi and produced (Gregor Rabinovitch, film.producer.film, Aida)
by Gregor Rabinovitch and Fed- (Federico Teti, film.producer.film, Aida)
erico Teti?
ip When did the mother of Richard, [1246-05-31] (Richard 1st Earl of Cornwall, people.person.parents, Isabella of
1st Earl of Cornwall and Aymer Angouléme)
de Valence die? (Aymer de Valence, people.person.parents, Isabella of Angouléme)
(Isabella of Angouléme, people.deceased_person.date_of_death,
1246-05-31)
pi Which battle in Artois was led by ~ [Third Battle of Artois] (First Battle of the Marne, base.culturalevent.event.entity_involved,
a commander who also fought in Fernand de Langle de Cary)
the First Battle of the Marne? (Fernand de Langle de Cary,
military.military_person.participated_in_conflicts, Third Battle of
Artois)
(Artois, location.location.events, Third Battle of Artois)
2u Which projects were designed [Cleveland Clinic Abu  (Jacobs Engineering Group, architecture.architecture_firm.projects,
by either Jacobs Engineering Dhabi, Bandra—Worli ~ Mike O’Callaghan—Pat Tillman Memorial Bridge)
Group or HDR, Inc.? Sea Link, Mike (Jacobs Engineering Group, architecture.architecture_firm.projects,
O’Callaghan—Pat Till- Bandra—Worli Sea Link)
man Memorial Bridge] (HDR, Inc., architecture.architecture_firm.projects, Mike
O’Callaghan—Pat Tillman Memorial Bridge)
(HDR, Inc., architecture.architecture_firm.projects, Cleveland Clinic
Abu Dhabi)
up What royal lineage is connected [Hyderabad State] (Azam Jah, people.person.children, Mukarram Jah)

to the state where Mukarram Jah,
the child of Azam Jah and grand-
child of Prince Azmet Jah, be-
longed?

(Azam Jah, people.person.children, Princess Esra)

(Azam Jah, people.person.children, Muffakham Jah)

(Prince Azmet Jah, people.person.parents, Mukarram Jah)
(Prince Azmet Jah, people.person.parents, Princess Esra)
(Prince Azmet Jah, people.person.parents, Muffakham Jah)
(Mukarram Jah, royalty.monarch.royal_line, Hyderabad State)

Table 7: Samples of generated questions across nine logical structures in ComplexLogicalQA. To enhance readability,
reasoning triples are listed sequentially.
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Generator Prompt

Role: You are an expert Knowledge Graph Question Answering (KGQA) dataset creator. Your task is to verbalize a
logical subgraph into a fluent, natural language question.
Input Data (JSON):

e structure: The EPFO structure type (e.g., Intersection-Projection (ip), Union (2u)).

e triples: A list of reasoning triples forming the path.

e anchors: The starting entities that MUST appear in the question.

* answers: The final answer entities that MUST be hidden.

* intermediates: The bridging entities that MUST be hidden.
Strict Constraints:

1. Anchor Grounding: You must explicitly mention the entities listed in anchors.
2. Secrecy: Do NOT mention answers or intermediates by name. Use generalized types (e.g., "the director”, "the

country") instead.
3. Logical Fidelity:
¢ For Intersection (2i, ip), use conjunctions like "and", "both".
* For Union (2u, up), use disjunctions like "or", "either".

4. Complexity: The question must require reasoning over ALL provided triples.
Input Example: { "structure”: "ip"”, "anchors”: ["Inception”, "Titanic"], "intermediates"”:
["Leonardo DiCaprio”], "answers”: ["USA"], "triples”: [ ["DiCaprio”, "starred_in"”, "Inception”],
["DiCaprio”, "starred_in", "Titanic"], ["DiCaprio”, "nationality"”, "USA"]1 ] }
Output Example: "What is the nationality of the actor who starred in both Inception and Titanic?"

Auditor Prompt (Refinement)

Role: You are a strict Linguistic and Logical Auditor. Your task is to review the generated question against the ground
truth graph data to ensure it is fluent, natural, and logically precise.
Input Data (JSON):
e structure: The EPFO structure type (e.g., Union 2u).
e triples: The ground truth reasoning triples.
* anchors: The starting entities.
* answers: The expected answer entities.
e intermediates: The bridging entities.
e question: The generated natural language question to be audited.
Evaluation Criteria:
1. Linguistic Fluency:
¢ Is the grammar correct?
* Is the phrasing natural, human-like, and free of ambiguity?
2. Logical Consistency:
* Does the question accurately reflect the intended structure?
¢ Critical for Union: Does it clearly use disjunctive phrasing (e.g., "or", "either")?
¢ Critical for Intersection: Does it clearly imply mandatory conjunction (e.g., "both", "and")?
3. Refinement: If the question is robotic or logically mismatched, provide a corrected version.
Output Example: { "status”: "FAIL", "reason”: "The question uses ’and’ but the structure is
Union."”, "refined_question”: "Who directed either Inception or Interstellar?” }

Figure 4: Prompt templates used in our pipeline. Top: The Generator Prompt, showing the input constraints.
Bottom: The Auditor Prompt, focusing on linguistic and logical verification.
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