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Abstract—Logical query reasoning over incomplete knowledge
graphs remains challenging for complex queries involving long
reasoning chains and semantic constraints. Existing stepwise
reasoning methods often fail to capture global logical dependen-
cies, particularly across sequential operations and negation. To
address these issues, we propose GCLQR, a global context-aware
logical query reasoning framework with three key components:
(1) a tree-based serialization strategy that combines depth-
first and breadth-first traversals to preserve global structural
information; (2) an instruction-context fusion module based on
pretrained language models to generate contextualized semantic
embeddings; and (3) a transformer-based long-chain query en-
coder with neural intersection operators that supports full first-
order logical reasoning.Experiments on FB15k, FB15k-237, and
NELLY995 demonstrate that GCLQR achieves the best average
performance across datasets and delivers strong improvements
on challenging query types, especially long-chain, negation, and
intersection queries.

Index Terms—Knowledge Graph,Complex Logical Query An-
swering, Global Context Awareness

I. INTRODUCTION

Knowledge Graphs (KGs) organize entities, relations, and
logical dependencies, providing a fundamental basis for intel-
ligent reasoning systems. However, real-world KGs are often
incomplete, motivating Knowledge Graph Reasoning (KGR)
to infer missing facts and support downstream tasks such as
question answering and recommendation [1], [2].

In KGR, complex logical queries typically involve multiple
reasoning steps. Recent query encoding methods model a
logical query as a sequence of first-order logic operations,
recursively applying predefined operators from anchor nodes
toward target variables according to the query structure. At
each step, only a single local operation is executed, and
the resulting embedding is progressively updated to infer the
target entity set via similarity-based retrieval. As illustrated in
Figure 1, such logical queries naturally form tree-structured
dependency graphs, where multiple subqueries converge on a
shared target entity set E7. These tree-structured queries are
prevalent in knowledge graph logical reasoning and constitute
the primary focus of this work.

Despite their effectiveness, stepwise query encoding strate-
gies suffer from an inherent limitation: by operating solely
on local logical information at each step, they fail to capture
global logical dependencies spanning the entire query. This

lack of global and future-aware reasoning prevents models
from leveraging downstream semantic constraints early in the
reasoning process, leading to ambiguity accumulation and
error propagation, particularly in long-chain queries, nega-
tion, and intersection operations. Moreover, the hierarchical
structure of query trees further restricts access to global
logical context, constraining the model’s receptive field and
undermining its reasoning capability.

To address these challenges, we propose Global Context-
aware Logical Query Reasoning (GCLQR), a framework ex-
plicitly designed to capture and exploit global logical context
in complex knowledge graph queries. GCLQR serializes com-
putation trees using a combination of depth-first and breadth-
first traversal strategies, enabling comprehensive preservation
of global query structure. The serialized representations are
then encoded using pretrained language models to capture rich
contextual semantics. In addition, an instruction—context fu-
sion module integrates entities, relations, and logical operators
to generate query-adaptive embeddings. To support complex
reasoning patterns, GCLQR incorporates a Transformer-based
long-chain query encoder and a neural intersection operator,
enabling complete first-order logical reasoning over intricate
query structures.

Our main contributions are summarized as follows:

o« We propose GCLQR, a global context-aware logical
query reasoning framework that unifies computation tree
serialization, pretrained Transformer encoding, and in-
struction—context fusion to enable comprehensive reason-
ing over complex logical queries.

o We design a neural intersection operator that effectively
models intersecting logical constraints, supporting com-
plete first-order logic inference.

o Extensive experiments on widely used benchmarks
demonstrate that GCLQR consistently outperforms exist-
ing methods across diverse query types, including long
chains, negation, and complex intersections.

II. RELATED WORK

Recent research on Knowledge Graph Reasoning (KGR) can
be broadly categorized into three paradigms: embedding-based
query encoding, symbolic—neural fusion, and Transformer-
based query serialization approaches [3].



Query 1
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Natural language description:

“Where were the Turing Award winners outside the database field born?”
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Fig. 1. Illustration of Global Context’s Guiding Role in Knowledge Graph Logical Query Reasoning.

Embedding-based methods project entities and logical
queries into continuous spaces and perform reasoning via
neural set operators. Representative models include GQE
[4], which operates in Euclidean space, Q2B [5] using box
embeddings, and BetaE [6] and GammaE [7], which model
uncertainty and negation via probabilistic distributions. Al-
though effective for structured queries, these approaches rely
on stepwise reasoning and are inherently limited in capturing
global logical dependencies across long reasoning chains.

Symbolic—neural fusion methods aim to alleviate this limita-
tion by integrating symbolic constraints with neural represen-
tations. CQD [9] formulates query answering as constrained
optimization, while CQDA [10] extends it with adaptive
negation modeling. LMPNN [11] propagates logical messages
along the query graph using neural message passing. Despite
improved interpretability, these methods often incur high com-
putational cost and scale poorly to complex or long-chain
queries.

More recently, serialization-based approaches linearize
query structures into sequences and leverage pretrained Trans-
formers to capture global context. BIQE [12] encodes de-
composed query paths, KG-Transformer [13] applies random-
walk-based serialization, and SILR [14] introduces execution-
aware instructions within a BERT framework. While these
methods better exploit global contextual information, they
generally lack explicit support for complete first-order logic,
particularly for negation and complex intersections.

Unlike prior serialization-based methods such as BIQE, KG-
Transformer, and SILR, GCLQR is designed to encode the
global logical context of an entire query computation tree
rather than only path-level or execution-local information. The
key difference is twofold. First, GCLQR combines depth-first
and breadth-first serialization to preserve both nested structural
dependencies and layer-wise execution semantics. Second,
GCLQR introduces an instruction-context fusion mechanism
that generates query-adaptive embeddings for entities, rela-
tions, and logical operators, allowing downstream reasoning
to be guided by global structural constraints throughout the
encoding process.

III. METHODOLOGY

Our proposed framework, GCLQR, aims to capture global
logical context in complex knowledge graph queries. Given a
first-order logic query, GCLQR first linearizes its computation
tree using two complementary traversal strategies—depth-
first and breadth-first—to preserve hierarchical and global
structural information. The resulting instruction sequences are
encoded by a pretrained Transformer to model long-range
logical dependencies. An instruction—context fusion module
then generates adaptive embeddings for entities, relations, and
logical operators. Finally, a Transformer-based chain query
encoder supports long-chain reasoning, while a neural inter-
section symbol module enables complete first-order logical
inference over intersecting subqueries.

As illustrated in Figure 2, the GCLQR framework consists
of three tightly integrated components. First, the Instruction
Generation module linearizes an input query’s computation
graph into two serialized instruction sequences: Depth-First
Serialization (DFS) and Breadth-First Serialization (BFS),
which together preserve both local hierarchical structure and
global logical dependencies (Figure 2(a)). The original com-
putation graph is shown in Figure 2(b). Second, the Instruction
Encoding module employs a pretrained language model (PLM)
to obtain dense representations for both instruction sequences
(Figure 2(c)). These representations are refined through an in-
struction—context fusion layer, which generates query-adaptive
embeddings conditioned on entities, relations, and negation
operators. Finally, the Query Encoding module (Figure 2(d))
follows the execution order of the computation graph, applying
the adaptive instruction embeddings with an atomic query
encoder to produce a unified query representation. This final
embedding is used to retrieve answer entities via nearest-
neighbor search.

A. Serialization Instruction Generation

To preserve the hierarchical and global structure of complex
logical queries, we employ dual serialization strategies based
on depth-first and breadth-first traversals. Given a query com-
putation tree, the Instruction Generation module produces two
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Fig. 2. Framework Diagram of Global Context-Aware Logical Query Reasoning.

corresponding instruction sequences, which together encode
both local compositional structure and global logical depen-
dencies, as illustrated in Figure 2(a).

We adopt depth-first serialization (DFS) to explicitly rep-
resent the nested structure of logical operations. In DFS,
parenthetical brackets are used to delimit subtree boundaries,
yielding a compact and expressive representation of hierarchi-
cal query semantics. Table I summarizes the DFS instruction
formats for representative first-order logic query patterns.

In contrast, breadth-first serialization (BFS) provides a
complementary global view by organizing logical operators
according to their execution layers. BFS introduces control
tokens to denote projection, intersection, and negation op-
erations, enabling the model to perceive high-level logical
composition early in the encoding process. Together, DFS and
BFS offer complementary structural perspectives that jointly
facilitate effective global context modeling.

For brevity, we explicitly enumerate DFS instruction for-
mats, while BFS serialization is defined at the operator and
structural level, which is sufficient for reproducibility and
implementation.

B. Instruction Encoding

1) Instruction Encoder: We adopt a BERT-based Instruc-
tion Encoder to model contextual dependencies within seri-
alized instruction sequences. Given an instruction sequence
X = {x,;}L_,, the encoder maps it to contextualized token
representations via:

X = INSTo (X)), (1)
where INSTo(-) denotes a pretrained Transformer encoder

with parameters ©, and each output token embedding lies in
RP1,

Applying the encoder to the depth-first and breadth-first
serialized instructions yields:

DFSomp = INSTo ({DFS; }1_1),
2
where n and m denote the sequence lengths, and both outputs
lie in R
2) Instruction Context Fusion Layer: To capture element-
specific contextual relevance, we introduce an attention-based
instruction—context fusion mechanism that integrates DFS and
BFS encodings. For a query element x (entity, relation, or
negation operator) with embedding x € R?, we compute
attention-weighted context representations over both serialized
sequences:

ng np
Cfs = Z affsdfsi, Chfs = Z oz?fsbfsj, 3)
i=1 j=1
where a®* and af* are obtained via softmax-normalized dot-
product attention.
The two context vectors are concatenated to preserve com-
plementary structural perspectives:

2d
Cfusion = [Cdfs; bes] c R““. (4)

3) Adaptive Embedding Generation: The fused context is
projected back to the embedding space through a two-layer
MLP:

AIEz = MLPins(Cfusion)a (5)

yielding an adaptive instruction embedding AIE, € R? that
captures both semantic content and global logical context.

C. Query Encoding

We decompose each logical query into a disjunction of
conjunctive chain queries under Disjunctive Normal Form
(DNF). Each chain query consists of a sequence of atomic
operations (projections with optional negation), forming a
linear computation path.

BFS oo = INST@({BFS]»}?LI),



TABLE I
DEPTH-FIRST SERIALIZATION INSTRUCTION FORMAT

Query First-Order Logic Query Format Depth-First Serialization Instruction Format
lp ET : 7’1(61, ET) (61)

2p Er:3E1,E2 :1r (61, E1) A T2 (E1, ET) (el, (r1, 12))

3p Er :3E1,Es,E3 :r1(e1, E1) Ara(E1, E2) Ars(E2, ET) (el, (rl, r2, 13))

2i Er:r (81, El) AN 7"2(627 ET) ((el, rl), (e2, 12))

2in Er :ri(e1, E1) A —r2(e2, ET) ((el, r1), (2, negative))

3i Er :ri(e1, E1) Ara(e2, E2) Ar3(es, Er) ((el, 1), (e2, 12), (€3, r3))

3in ET1:ry (61, El) AN 7”2(62, EQ) AN ‘\7”3(63, ET) ((el, rl), (e2, r2), (e3, negative))

ip Er :ri(e1, E1) Ar2(E1, E2) Ars(E2, ET) (((el, rl), r2), r3)

inp Er :ri(e1, E1) AN —r2(E1, E2) ANr3(E2, ET) (((el, rl), negative), 13)

1) Chain Query Encoder: Each chain query is encoded
using a Transformer-based Chain Query Encoder. Given a
chain of length m, we construct an input embedding sequence:

E;, = {E1,Es,...,E,, }, 6)

where each element corresponds to an entity, relation, nega-
tion token, or its associated adaptive instruction embedding.
The sequence alternates between base embeddings and their
adaptive counterparts:

Ei, = {E., AIE..E,,AIE,,...}. 7)

The resulting sequence is processed by a kcqr-layer Trans-
former encoder, followed by mean pooling to obtain the final
chain representation:

E = MeanPooling(TrmEchE (Ein)). )

2) Intersection Operator: Beyond chain-computable
queries, complex queries may contain branching conjunctive
structures. Following DNF-based reasoning [6], unions are
handled by merging subquery answer sets, and we focus on
modeling the intersection operator.

We adopt a self-attention—based intersection mechanism
[17]. Given entity embeddings S = {ei,...,e,} € R"*9, we
augment each entity with its adaptive instruction embedding
(AIE), yielding Sag € R?"¥4:

SAIE = {917 1&]]5361 yee ey Cn,y AIEen}. (9)

The intersection embedding e€jner € RY is computed as a
weighted aggregation:

Ciner = Y a; O €, (10)
where the attention weights are defined as
o — exp(MLPiner(Saigi)) (1

! > exXP(MLPineer(Sarg;)) .

Here, MLPjy,(-) is a multilayer perceptron and ® denotes
element-wise multiplication.

Compared with the intersection mechanisms in BetaE and
Q2B, our design differs in that the aggregation is conditioned
not only on subquery embeddings themselves but also on their
associated adaptive instruction embeddings. In other words,
the proposed operator is explicitly guided by the serialized

global query context, rather than relying solely on geometric
overlap or distributional parameter aggregation. This enables
the intersection module to better capture context-dependent
logical constraints in complex queries.

D. Training Objective

After executing the computation graph, GCLQR produces
a final query representation v, € R?. Each entity in the
knowledge graph is associated with an embedding v, € R
Reasoning is then performed by measuring the distance be-
tween v, and candidate entity embeddings.

1) Distance Function: We embed both queries and entities
in a d-dimensional Euclidean space [4], [18]. Given a query
embedding v, and an entity embedding v., their distance is
measured by the L; norm:

Dist(e,q) = ||[ve — V¢l|1- (12)

2) Training Objective: We adopt a margin-based negative
sampling loss [19]:

u
L = —logo(y — Dist(e,q)) — % Zlog o(Dist(e}, q) — ),
=1
’ (13)
where e and e;- denote positive and negative entities, respec-
tively, v is the margin, and u is the number of negative
samples.

3) Reasoning: During inference, a query is encoded via
the Instruction Encoder, Chain Query Encoder, and the neu-
ral intersection operator according to its computation graph,
yielding v,. Candidate entities are ranked by Dist(e, q),
and approximate nearest-neighbor search is performed using
Locality-Sensitive Hashing [20].

IV. EXPERIMENTS
A. Experimental Settings

1) Hyperparameter Configuration.: In our experiments, we
adopt the “bert-base-cased” model as the backbone PLM and
train each variant on two NVIDIA A100 GPUs with 120
GB of memory each. Recognizing that different layers of
BERT capture contextual information at varying granularities
[21], we configure INSTg(:) to focus on the hierarchical
structure of X rather than solely on its semantic embedding.
Consequently, the trainable parameters © include only the



token embedding layer and a subset of the lower Transformer
layers of BERT; the exact number of fine-tuned layers is
explored in Section IV-C. By default, the Instruction Encoder
is assigned one Transformer layer, and the number of attention
heads H is set to 4.

All experiments in this chapter are implemented in Py-
Torch. For both the main experiments and ablation studies,
we configure the model with the following hyperparameters:
embedding dimension d = 768; learning rate = 1x 107%;
negative sample size = 128; batch size = 512; margin v = 24;
total training steps = 450,000; number of Transformer layers
in the Chain Query Encoder kcqr = 6; dropout rate = 0.1;
and Transformer feed-forward network dimension dg;, = 4d.

2) Benchmark Methods.: We select several competitive
methods for Knowledge Graph Logical Query Reasoning:

e GQE [4]: Models queries and entities as points in Eu-
clidean space, using a single-layer feed-forward network
or TransE-style edge translations for projections. Answers
are retrieved by minimizing Euclidean distance to the
query.

e Q2B [5]: Represents entities as points and queries as
axis-aligned hyper-rectangles. Projections correspond to
edges, and intersections to overlapping regions. Answers
lie within the query box.

« BetaE [6]: Embeds queries and entities as Beta distribu-
tions, using MLPs for projections and Kullback-Leibler
divergence to identify the closest distribution.

o MLP [22]: Applies multi-layer perceptrons to project and
intersect query and entity embeddings, similar to GQE.

o ConE [8]: Models queries as conic-sector intervals, han-
dling negation for the first time in geometry-based query
encoding.

e FuzzQE [23]: Uses t-norm fuzzy logic for neural encod-
ing of conjunction, disjunction, and negation.

o GammakE [7]: Uses Gamma embeddings to encode com-
plex logical queries.

« LMPNN [11]: Aggregates logical information from a
pre-trained KG completion model via MLP to answer
complex queries efficiently.

B. Experimental Results

Table II summarizes the mean reciprocal rank (MRR) of
GCLQR and representative query encoding baselines on the
BetaE benchmark. Overall, GCLQR achieves the best average
MRR on FB15k, FB15k-237, and NELL995, demonstrating
the effectiveness of incorporating global logical context into
query reasoning. More importantly, the largest gains are ob-
served on structurally challenging query types, especially long-
chain queries (e.g., ip, inp, and pni) and negation-related
queries (e.g., 2in, 3in, and inp). These improvements are
consistent with our design motivation: the dual serialization
strategy provides a global view of the computation tree,
while the instruction-context fusion module injects query-level
constraints into each reasoning step. For simpler query types,
GCLQR remains competitive and in several cases matches the
strongest baseline.

C. Experimental Analysis

1) Ablation Study: This section evaluates the impact of our
serialized instruction encoding within GCLQR. We compare
four variants of GCLQR, with results reported in Table III:
(1) a Baseline without the Instruction Encoding module;
(2) GCLQR - DFS, which omits the DFS instructions; (3)
GCLQR - BFS, which omits the BFS instructions; and (4)
GCLQR - PT-BERT, which forgoes pretrained BERT and
instead trains a randomly initialized BERT from scratch.

All four variants perform significantly worse than the full
GCLQR model. First, regardless of whether DFS or BFS
is used alone, both outperform the Baseline, demonstrating
that each serialization strategy effectively encodes the query
graph’s contextual semantics. Their combination in the full
model yields further gains, confirming the complementary
strengths of the two traversals. Second, DFS alone yields
better results than BFS, likely because depth-first traversal
more faithfully preserves long-chain contextual dependencies,
thereby enhancing reasoning capability. Finally, training the
instruction encoder from scratch—even though GCLQR uses
only a single BERT layer—incurs a substantial learning
challenge for modeling logical semantics, whereas leveraging
pretrained parameters provides a superior initialization and
enables more efficient context modeling. Consequently, while
the PT-BERT variant’s compute cost remains relatively low
compared to the Baseline (due to its single-layer design), it
still lags behind the fully pretrained GCLQR.

2) Effectiveness of Future Context in the Chain Query
Encoder: To assess the impact of bidirectional attention
and, in particular, the utilization of future context within the
Chain Query Encoder, we construct a variant of GCLQR by
introducing masked self-attention. In this variant, the query
encoding process is constrained to rely solely on current and
past context, thereby isolating the effect of future information
on model performance. We conduct a comparative experiment
on the FB15k-237 dataset using a single-layer Transformer
encoder, evaluating this masked variant against the standard
GCLQR framework. As shown in Table IV, the absence of
future context significantly degrades GCLQR’s performance.
These results demonstrate that incorporating future informa-
tion via bidirectional self-attention is essential for capturing
the implicit, complex dependencies among different parts
of the query. Overall, this experiment further validates the
effectiveness of bidirectional attention in modeling contextual
dependencies for logical query reasoning.

3) Role of Position Encoding in the Query Encoder: In
a chain query, each element must strictly follow a predefined
execution order. To effectively capture this sequential informa-
tion, we examine the encoding mechanisms within the Trans-
former architecture. Extensive prior work has demonstrated
their efficacy in sequence modeling tasks, which underpins
their widespread adoption. In addition, we explore the use of
Relative Position Encoding (RPE) [24] to further enhance the
model’s sensitivity to internal positional relationships within
the query sequence. We evaluate different position encoding



TABLE 11
GCLQR MRR RESULTS (%) ON THE BETAE FRAMEWORK

Method 1p 2p 3p 2i 3i ip pi 2u up 2in 3in  inp pin  pni
FB15k

GQE 546 153 108 397 514 191 276 221 11.6 - - - - -

Q2B 68.0 21.0 142 551 665 261 394 351 16.7 - - - - -

BetaE 65.1 257 247 558 665 281 439 40.1 252 143 147 115 65 124
ConE 733 338 292 644 733 357 509 557 371 179 187 125 98 151
MLP 67.1 312 272 571 669 339 457 38.0 28.0 160 173 132 83 146
FuzzQE 772 331 253 587 69.0 323 479 40.1 294 18.0 16.7 134 88 134
GammaE 76.5 369 314 654 75.1 39.7 539 535 309 201 205 135 11.8 17.1
LMPNN 85.0 399 286 68.2 765 430 467 367 314 291 294 149 102 164
GCLQR(Ours) 85.0 405 29.6 68.1 757 51.0 43.6 393 324 280 295 164 11.0 16.1

FB15k-237

GQE 350 72 53 233 346 107 165 82 5.7 - - - — -

Q2B 406 94 6.8 295 423 126 212 113 7.6 — - - — -

BetaE 392 107 9.8 290 425 119 221 126 97 51 79 74 35 34
ConE 424 126 10.8 325 46.8 13.6 251 141 106 54 86 78 40 3.6
MLP 4277 124 106 330 439 149 242 137 97 64 106 80 46 44
FuzzQE 443 138 102 330 474 188 263 156 108 85 11.6 7.8 52 59
GammaE 432 132 11.0 335 479 159 272 139 103 67 94 86 48 44
LMPNN 459 131 103 348 489 17.6 227 135 103 87 129 77 46 52
GCLQR(Ours) 47.0 147 128 360 493 19.0 28.7 169 116 8.0 133 100 63 64

NELL995

GQE 328 119 96 275 352 144 184 85 88 - - - — -

Q2B 422 140 112 333 445 168 224 113 103 - - - - -

BetaE 53.0 13.0 114 376 475 143 241 122 85 5.1 7.8 10.0 3.1 3.5
ConE 53.1 16.1 139 400 508 175 263 153 113 57 81 108 35 39
MLP 552 164 147 364 480 182 227 147 113 5.1 80 100 3.6 3.6
FuzzQE 576 192 153 398 503 21.8 281 173 137 7.8 98 11.1 49 55
GammaE 551 173 142 419 51.1 183 269 151 112 63 87 114 40 45
LMPNN 60.6 221 175 40.1 503 249 284 172 157 85 108 122 39 48
GCLQR(Ours) 59.0 20.1 178 434 535 227 288 173 137 79 115 138 73 63

strategies on the FB15k-237 dataset, with results presented in
TABLE IIl Table V. Here, “w/o PE” denotes the omission of any position

MRR RESULTS (%) USING DIFFERENT SERIALIZATION METHODS

Dataset MRR (%)
FB15k-237 FB15k NELL995

Baseline 154 34.7 16.8

+GCLQR 17.5 35.9 20.0
w/o BFS 16.8 35.3 18.7
w/o DFS 16.4 35.2 18.1
w/o PT-BERT 16.6 35.5 19.8

TABLE IV

AVERAGE MRR RESULTS (%) ON FB15K-237 WITH AND WITHOUT
FUTURE CONTEXT INFORMATION

Model avg MRR (%)
GCLQR(No future context) 16.6
GCLQR 17.5

encoding, while “w/ RPE” indicates the adoption of relative
position encodings. Compared to the variant without position
encoding, introducing positional information yields a modest
but consistent improvement. Although the gap is relatively
small on FB15k-237, the result suggests that positional cues
still provide useful inductive bias for modeling execution order
in chain queries. Relative position encoding achieves the best
score, while absolute position encoding offers a favorable
balance between accuracy and computational overhead, and is
therefore used as the default setting. Although RPE achieves
slightly higher accuracy than absolute position encoding, we
ultimately select absolute position encoding as the default
configuration to balance model performance against compu-
tational overhead.

4) Impact of BERT Layer Depth in the Instruction Encoder:
As illustrated in Figure 3, we examine the effect of varying
the number of Transformer layers (from 1 to 4) in the
BERT-based Instruction Encoder. The results demonstrate a



TABLE V
AVERAGE MRR RESULTS (%) ON FB15K-237 FOR DIFFERENT POSITION
ENCODING STRATEGIES

Model avg MRR (%)
GCLQR 17.5
GCLQR w/o PE 17.4
GCLQR w/RPE 17.6

FBISK FBISK237 NELL99S

Avg MRR

Fig. 3. MRR Results (%) for Different Numbers of BERT Layers in the
Instruction Encoder

consistent decline in overall performance on all three datasets
as layer depth increases. This trend likely arises from the
hierarchical nature of BERT’s contextual representations [21].
Lower layers predominantly capture syntactic structures and
phrase-level dependencies—features crucial for representing
the logical context of queries—whereas higher layers progres-
sively abstract toward broader semantic concepts. Since our
task hinges on accurately modeling the logical and hierarchical
relationships among query variables, it benefits more from
the syntactic and structural cues encoded in BERT’s shallow
layers. This reliance on shallow representations explains the
observed performance degradation when employing deeper
encoder configurations.

5) Impact of Transformer Depth in the Chain Query En-
coder: We analyze the effect of varying the number of
Transformer layers within the Chain Query Encoder on overall
performance, evaluating on the FB15k-237 dataset. Specifi-
cally, we instantiate encoders with different depths and report
the results in Table VI. The experiments show that model
performance steadily improves as the number of Transformer
layers increases, indicating that deeper Transformer architec-
tures more effectively capture the implicit, complex semantic
dependencies among the components of a chain query [21].
However, there exists a trade-off between performance gains
and computational cost. Consequently, we select a 6-layer
Transformer as our optimal configuration, striking a balance
between resource consumption and accuracy. As shown in
Table 1II, this setup significantly outperforms existing baselines.

TABLE VI
MRR RESULTS (%) FOR DIFFERENT NUMBERS OF TRANSFORMER
LAYERS IN THE CHAIN QUERY ENCODER

Model GCLQR(1) GCLQR(2) GCLQR(4) GCLQR(6) GCLQR(8)

avg 16.5 17.0 17.4 17.5 17.7

V. CONCLUSION

We present GCLQR, a Global Context-Aware Logical
Query Reasoning framework designed to overcome the lim-
itations of existing query-encoding approaches in capturing
global logical dependencies. By serializing a query’s com-
putation tree via both DFS and BFS, we encode its full
structural context and inject it into a pretrained Transformer to
enhance the semantic representation of the query’s global con-
straints. An instruction-context fusion module then adaptively
integrates entity, relation, and operator information by apply-
ing attention over the DFS and BFS embeddings, yielding
customized global directives for each query element. Build-
ing on this enriched representation, our Transformer-based
Chain Query Encoder excels at long-chain reasoning, while
a neural intersection symbol module supports full first-order
logic inference across branching and intersecting substruc-
tures. Empirical evaluations on multiple public benchmarks
demonstrate that GCLQR consistently outperforms state-of-
the-art baselines, validating its effectiveness in complex logical
query reasoning.
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