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Abstract

Capturing global context through attention is es-
sential for reasoning over knowledge graphs, espe-
cially when relevant entities are distant or discon-
nected. To scale attention to large graphs, recent
methods replace Softmax with kernel feature map-
pings, reducing computational complexity to linear
in the number of nodes. While efficient, these ap-
proximations tend to produce overly smooth atten-
tion scores, which can reduce discrimination be-
tween correct triplets and hard negative samples.
Moreover, they exhibit scale-dependent shifts in at-
tention entropy, making them sensitive to changes
in graph size during inductive inference. In this
paper, we introduce LaGR, a novel approach for
integrating global information in knowledge graph
reasoning. Rather than approximating interactions
among all nodes, LaGR compresses the graph into
a fixed, compact set of latent summaries and ap-
plies exact self-attention within this latent space.
This change yields scale-invariant attention and sta-
ble performance across diverse data settings. In
addition, we propose a node-adaptive residual fu-
sion mechanism that dynamically balances local
and global information at the node level, leading to
more expressive representations. Extensive exper-
iments on both transductive and inductive bench-
marks show that LaGR substantially outperforms
state-of-the-art baselines, demonstrating that exact
attention over latent summaries is an efficient and
effective way to capture global context in knowl-
edge graph reasoning. Our implementation is avail-
able at https://github.com/XMU-KG/LaGR.

1 Introduction

Knowledge graphs (KGs) underpin many real-world applica-
tions, including recommender systems [Chicaiza and Diaz,

*Corresponding authors.

2021] and question answering [Wang et al., 2024]. De-
spite their large scale, most KGs are incomplete, which
motivates the need for effective reasoning methods to infer
missing links. Early approaches, such as TransE [Bordes
et al., 2013] and RotatE [Sun ef al., 2019], represent enti-
ties as independent vectors and model relations through sim-
ple geometric transformations. More recently, research has
shifted toward graph neural networks (GNNs), including R-
GCN [Schlichtkrull et al., 2018] and CompGCN [Vashishth
et al., 2020]. By explicitly modeling graph structure, GNNs
allow entities to aggregate information from their local neigh-
borhoods, enabling the capture of multi-hop relational pat-
terns that are crucial for accurate link prediction.

Despite these advantages, standard GNNs face two well-
known challenges: their message-passing mechanism limits
information exchange between disconnected nodes [Liu er
al., 2024], and over-squashing, where information from dis-
tant nodes becomes distorted [Alon and Yahav, 2021]. To
overcome these locality constraints, recent work has intro-
duced global attention mechanisms that allow each node to at-
tend to all others. However, full self-attention scales quadrat-
ically with the number of nodes, making it impractical for
large graphs. To address this, state-of-the-art methods [Liu et
al., 2024; Li et al., 2025a] commonly adopt linear attention
mechanisms [Katharopoulos et al., 2020], reducing the com-
putational cost to linear complexity. This efficiency comes at
a cost: linear attention approximates the softmax operation
and discards query magnitude information, often leading to
overly smooth attention distributions [Fan ef al., 2025]. Such
smoothing weakens the model’s ability to focus on highly
relevant entities and makes it harder to distinguish correct
triplets from hard negative samples in knowledge graph rea-
soning tasks. Furthermore, the behavior of linear attention
varies with graph size, making it sensitive to changes in the
node set during inductive inference.

In this work, we propose a different paradigm: instead
of approximating attention over the full graph, we compress
the graph context to enable exact attention. We introduce
LaGR (Latent Graph Reasoning), a framework that resolves
the trade-off between efficiency and expressivity. Our key
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Figure 1: Comparison of local and global reasoning paradigms. (a) Standard GNNs suffer from over-squashing. (b) Linear attention methods
mitigate this but result in over-smoothed attention distributions. (c) LaGR (Ours) compresses features into latent summaries for exact self-

attention, enabling efficient and robust modeling of global context.

observation is that although the number of nodes N can
be large, the global semantic context of a KG often lies
in a much lower-dimensional space. Building on this in-
sight, LaGR projects node representations into a small set
of M latent summaries through weighted aggregation, where
M < N. This latent space is sufficiently compact to support
exact Softmax attention for modeling global correlations. Af-
ter the attention and feed-forward computations, the result-
ing global context is broadcast back to the original nodes.
As a result, LaGR preserves linear computational complex-
ity with respect to /N while maintaining robustness to varia-
tions in graph size, which linear attention methods often lack.
For clarity, Figure 1 compares the architectures of standard
GNN:gs, linear attention models, and LaGR.

We further observe that prior work typically fuses global
and local information using a single trainable scalar shared
across all nodes (e.g., « - global + (1 — «) - local) [Li er al.,
2025al. This uniform weighting overlooks the fact that differ-
ent nodes may require different levels of global context. To
address this limitation, we introduce a node-adaptive resid-
ual fusion strategy that dynamically adjusts the contribution
of global context for each node through a learned projection
over local and global features. This design allows LaGR to
preserve local structural patterns captured by GNNs while se-
lectively incorporating global signals to support long-range
reasoning. Our contributions are summarized as follows:

* We propose LaGR, which offers a superior efficiency-
effectiveness trade-off compared to linear attention
approaches, mitigating over-smoothing and scale-
dependent effects while maintaining linear computa-
tional complexity.

* We introduce a node-adaptive residual fusion strategy
that replaces uniform scalar interpolation with a dy-
namic, node-specific weighting mechanism, improving
feature expressiveness.

* We conduct extensive experiments on knowledge graph
reasoning benchmarks in both transductive and induc-
tive settings. Our results demonstrate that LaGR con-
sistently outperforms existing GNN and efficient trans-
former baselines.

2 Related Work

Knowledge graph reasoning methods can be categorized
by how they model interactions between entities and rela-
tions. Embedding-based approaches, such as TransE [Bor-
des et al., 2013], DistMult [Yang et al., 2015], and Ro-
tatE [Sun _er al, 2019], represent relations as translation
operations in a vector space. Path-based methods propa-
gate entity representations through local neighborhoods using
message passing, as in CompGCN [Vashishth ez al., 2020],
NBENet [Zhu et al., 2021], RED-GNN [Zhang and Yao,
2022], AdaProp [Zhang er al., 2023], and ULTRA [Galkin
etal., 2024]. However, these approaches inherit well-known
limitations of message-passing networks, including missing
connected paths and over-squashing [Alon and Yahav, 2021].
Transformer-based methods, including HittER [Chen er al.,
2021], N-Former [Liu et al., 2022], and SAttLE [Baghershahi
et al., 2023], typically convert graph structures into sequen-
tial representations during encoding, which may lead to the
loss of important structural information.

More recently, hybrid architectures that combine GNNs
and Transformers, such as KnowFormer [Liu et al., 2024]
and DuetGraph [Li et al., 2025al, have been proposed to
integrate local structural information with global graph con-
text. To enable scalable global modeling, these methods of-
ten replace Softmax attention with linear attention mecha-
nisms [Katharopoulos et al., 2020]. While efficient, this sub-
stitution can result in over-smoothed feature representations
and scale-dependent shifts in attention entropy. In contrast,
we propose LaGR, which addresses these limitations while
preserving scalability.

Notably, several existing methods also adopt a pool-
ing—processing—unpooling paradigm for modeling KGs, in-
cluding DiffPool [Ying et al., 2018], Graph U-Nets [Gao and
Ji, 2019], and KGPCL [Li et al., 2025b]. These approaches
reduce graph size by pruning paths, selecting representative
nodes, or merging concepts, thereby transforming the original
graph into a compact subgraph. However, such transforma-
tions remain constrained by the underlying graph structure
and continue to inherit the limitations of message-passing
networks. In contrast, our approach learns the pooling projec-
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Figure 2: Overview of the LaGR framework. Each layer comprises three components. First, a local encoder based on a GNN captures
neighborhood structure. Second, a global encoder compresses node features into latent summaries, applies exact attention in this compact
space, and broadcasts the refined global context back to nodes. Third, a node-adaptive residual fusion module dynamically combines local and
global features through a learnable projection. The symbols || and @ denote feature concatenation and element-wise addition, respectively.

tion without relying on adjacency information as prior knowl-
edge, enabling more effective modeling of global context.

3 Preliminary

3.1 Knowledge Graph

A KG is formally represented as G = (V,&,R), where V
denotes the set of entities, R the set of relations, and £ the
set of factual triplets. Each triplet is defined as (h,r,t) € &,
where h,t € Vandr € R.

3.2 Knowledge Graph Reasoning

The goal of knowledge graph reasoning is to infer missing
elements in query triplets. In this work, we focus on tail
prediction, where queries take the form (h,r, 7). Following
common practice, head prediction queries (?,r,t) are con-
verted into tail prediction by introducing an inverse relation
r~1, yielding the equivalent form (t,r~1,?).

3.3 Linear Attention

Linear attention is based on the assumption that the exponen-
tial function in Softmax attention can be approximated by a
product of kernel functions [Fan er al., 2025]. This reformu-
lation decomposes the attention computation and reduces its
complexity to linear time. As a representative graph embed-
ding method, SGFormer [Wu'eral., 2023] implements linear
attention as follows:

—1
Z = diag (1 + %Q(KTl)) (v + %Q(KTV)) LW

Here, N denotes the number of nodes, diag(-) constructs a
diagonal matrix from its input, and - | denotes matrix trans-
position. @, K, and V represent the query, key, and value
matrices, respectively, with @ and K normalized by their
Frobenius norms.

4 Methodology

As illustrated in Figure 2, LaGR processes the KG using both
a local encoder and a global encoder in parallel, and then in-
tegrates their outputs through a node-adaptive residual fusion
module. This architecture can be stacked across multiple lay-
ers. Section 4.1 describes the global encoder and analyzes

its computational efficiency. Section 4.2 explains how the
global context is incorporated into local representations via
node-adaptive residual fusion. Section 4.3 presents the train-
ing objective of LaGR.

4.1 Global Encoder

To model long-range dependencies and the global semantic
context that local message passing often fails to capture, we
introduce a global encoder. As shown in Figure 2, this module
follows a compress—attend—expand design that decouples the
cost of global interaction from the number of graph nodes. It
consists of three sequential steps: summarization, exact latent
attention, and broadcasting.

Summarization. The summarization step projects /N node
features into M latent summaries, where M < N. Let H €
RN denote the original node representations, where d is the
feature dimension. Using projection matrices W, € R4*?
and W, € R>M we compute a weight matrix:

W = o(HW;)W, € RV*M, )

where o (-) denotes a non-linear activation, and bias terms are
omitted for simplicity. A column-wise softmax is then ap-
plied to normalize the weights, and the node features are ag-
gregated into M latent summaries:

H =W/ H cRMx 3)

sum

Exact latent attention. We next apply standard attention
within this compact latent space, consisting of a softmax-
based attention mechanism followed by a feedforward net-
work [Vaswani et al., 2017]. Operating in the reduced space
allows exact attention while keeping computation efficient.

Broadcasting. Finally, the broadcasting step distributes the
refined global information back to individual nodes using a
mirrored projection. With projection matrices W3 € R4*¢
and W, € R&*M e compute:

Wbm = U(HWg)W4 S RNXM. (4)

In contrast to summarization, a row-wise softmax is applied
to obtain node-specific mixing weights. The final global fea-
tures for each node are then given by:

Hglob = Wbroﬁ € RNXda 5)
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where H € RM*4 denotes the output of the latent attention
module.

Theoretical Analysis of Latent Size

The Johnson-Lindenstrauss Lemma [Johnson et al., 1984]
states that N points can be projected into a space of dimen-
sion k = Q( IOEZN ) while preserving pairwise distances within
a factor of (1 & €). This result suggests that the geometric
structure of a KG can be preserved in a latent space whose di-
mension M grows logarithmically, rather than linearly, with
graph size. Under this paradigm, the sensitivity of model per-
formance to changes in graph scale is bounded by O(log N),
yielding improved robustness in inductive reasoning.

From an efficiency perspective, M should be as small as
possible. However, recent theoretical studies on deep se-
quence models highlight the risk of rank collapse [Joseph et
al., 2025], where representations degenerate toward a rank-
one subspace, severely limiting expressiveness. When M <
d, latent summarization becomes a lossy compression that
discards orthogonal feature components, making distinct en-
tities increasingly indistinguishable. This observation sug-
gests a theoretical lower bound of M > d to preserve suffi-
cient representational capacity.

We next formalize LaGR as a learnable low-rank approxi-
mation of the full-graph Softmax attention matrix to charac-
terize constraints on the projection matrix. Let A € RV*N
denote the ideal all-pairs attention matrix, where A;; mea-
sures the relevance of entity j to entity ¢. LaGR approximates
this interaction through a latent bottleneck:

A~ A = WiyoAttention(W,], H). (6)

sum

Because attention is computed in an RM*M Jatent space,
the rank of A is bounded by M. According to the Eckart-
Young-Mirsky Theorem [Golub et al., 1987], the optimal
rank-M approximation of A with respect to the Frobenius

norm ||A— Al| r is achieved when the columns of W, align
with the top-M singular vectors of A. Since these singular
vectors are unavailable during training, we instead encourage
the projection to implicitly capture distinct principal compo-
nents across latent summaries. In this view, latent summaries
are not treated as simple clusters but as basis vectors spanning
the principal semantic manifold of the graph.

To support this objective, we introduce an auxiliary or-
thogonality regularization that promotes diversity among la-
tent summaries by penalizing correlations in the projection
weights:

— 2
ACorth = HWSImWsum - IHF . (7)
Complexity Analysis

This paragraph analyzes the computational efficiency of dif-
ferent approaches for modeling global graph context. For
clarity, we omit the feedforward network, which is shared by
all methods. Standard softmax attention computes pairwise
interactions between all nodes, leading to a quadratic com-
plexity of O(N?2d). To scale to large KGs, linear attention
methods approximate softmax attention using kernel-based
formulations and the associativity of matrix multiplication,

reducing the complexity to O(Nd?). In LaGR, both the sum-
marization and broadcasting modules have a complexity of
O(Nd? + NMd), while exact attention in the latent space
costs O(M?d). Since M < N, the overall complexity of
the global encoder is dominated by the projection operations,
resulting in a total complexity of O(Nd? + N Md).

4.2 Node-Adaptive Residual Fusion

The need for global context varies across the graph. Some
entities can be accurately represented using only their imme-
diate neighbors, while others are affected by over-squashing
or missing paths and, therefore, require broader contextual
information. To account for this heterogeneity, we dynami-
cally adjust the contribution of global features for each node
through a mutual attention mechanism implemented with a
fully connected layer and a residual connection. Let H gy
and Hj,. be the global and local feature matrices, respec-
tively. The fused representations are computed as:

Hproj = (Hglob”HloC)Wproj + Hloc» ®)

where || denotes feature concatenation along the column di-
mension, and Wy,; € R?¥*4 s a learnable projection matrix.

Expressivity Analysis

Here, we compare our node-adaptive residual fusion strategy
with scalar interpolation [Li er al., 2025a], which combines
global and local features as

H. = aH, + (1 - O‘)Hgloba 9

where o € [0, 1] is a learnable scalar obtained via a sigmoid
function.

For a direct comparison, we rewrite our fusion operation in
Equation 8 as

Hproj = Hloc(Wb + I) + HglobWau (10

where W, € R4*? and W, € R4*? are column partitions of
the projection matrix Wi, such that (W, ||Wy,) = W
Let Hgear and Hppoj denote the hypothesis spaces induced
by H, and H,;, respectively. Since scalar interpolation
is a special case of the projection-based formulation, it fol-
lows that Hgcar C Hproj- This shows that our method strictly
generalizes the expressiveness of scalar interpolation.

4.3 Training Objective

At the output layer, the final node representation is mapped to
a scalar score using a multi-layer perceptron (MLP) f : R? —
R, which represents the probability that a candidate entity is
a valid answer. Given a query triplet (h,r, ?) and a candidate
tail entity e, we denote the normalized score as s(e|h,r) €
[0, 1]. Model parameters are trained by minimizing a negative
sampling loss for each fact (h, r,t):

Locg = —log(s(tlh,r)) = 3 log(l = s(elh,r)), (D)
eENp
where Ny, = {e € V|(h,r,e) ¢ £} is the set of negative
candidates for the query (h,r, 7).
The final training objective combines the negative sam-
pling loss with the orthogonality regularization:

L= Eneg + Eonh- (12)
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Method vl v2 v3 v4
ethods
MRR H@l H@10 MRR H@l H@10 MRR H@l H@10 MRR H@l H®@I10

FB15k-237
DRUM [Sadeghian et al., 2019] 0.333 247 474 0.395 284 59.5 0.402  30.8 57.1 0.410 309 59.3
NBFNet [Zhu et al., 2021] 0.442 335 57.4 0.514 421 68.5 0476 384 63.7 0.453  36.0 62.7
RED-GNN [Zhang and Yao, 2022]  0.369  30.2 48.3 0.469  38.1 62.9 0.445  35.1 50.3 0.442 340 62.1
A*Net [Zhu et al., 2023] 0.457  38.1 58.9 0.510 419 67.2 0.476 389 62.9 0.466  36.5 64.5
AdaProp [Zhang et al., 2023] 0.310 19.1 55.1 0471 372 65.9 0471 377 63.7 0.454 353 63.8
Ingram [Lee er al., 2023] 0.293 16.7 49.3 0.274 163 48.2 0.233  14.0 40.8 0214 114 39.7
KnowFormer [Liu et al., 2024] 0.466  37.8 60.6 0.532 433 70.3 0.494  40.0 65.9 0.480 38.3 65.3
DuetGraph [Li et al., 2025a] 0.507 42.7 63.2 0.549 448 72.9 0.518 423 69.9 0.501 39.8 67.0
LaGR 0.513 434 63.9 0.566 46.7 73.6 0.536 44.7 70.4 0.517 41.7 70.3

WNI18RR
DRUM [Sadeghian et al., 2019] 0.666 61.3 77.7 0.646  59.5 74.7 0.380 33.0 47.7 0.627 58.6 70.2
NBFNet [Zhu et al., 2021] 0.741  69.5 82.6 0.704  65.1 79.8 0.452 392 56.8 0.641 60.8 69.4
RED-GNN [Zhang and Yao, 2022] 0.701  65.3 79.9 0.690 633 78.0 0.427 36.8 52.4 0.651 60.6 72.1
A*Net [Zhu et al., 2023] 0.727 68.2 81.0 0.704 649 80.3 0.441 38.6 544 0.661 61.6 74.3
AdaProp [Zhang et al., 2023] 0.733  66.8 80.6 0.715 64.2 82.6 0.474 39.6 58.8 0.662 61.1 75.5
Ingram [Lee et al., 2023] 0.277 13.0 60.6 0.236 11.2 48.0 0.230 11.6 46.6 0.118 4.1 25.9
KnowFormer [Liu et al., 2024] 0.752 715 81.9 0.709 65.6 81.7 0.467  40.6 57.1 0.646  60.9 72.7
DuetGraph [Li et al., 2025a] 0.758 72.1 81.7 0.719 66.7 81.1 0.501 443 62.2 0.662 62.1 73.1
LaGR 0.766 73.1 82.6 0.724 67.6 82.0 0.517° 45.2 62.7 0.671 62.8 76.1

NELL-995
NBFNet [Zhu et al., 2021] 0.584 50.0 79.5 0.410 27.1 63.5 0425 26.2 60.6 0.287 253 59.1
RED-GNN [Zhang and Yao, 2022]  0.637 522 86.6 0.419 319 60.1 0.436  34.5 59.4 0.363 259 60.7
AdaProp [Zhang et al., 2023] 0.644 522 88.6 0.452 344 65.2 0.435 337 61.8 0.366  24.7 60.7
Ingram [Lee et al., 2023] 0.697 575 86.5 0.358 253 59.6 0.308 199 50.9 0.221 124 44.0
KnowFormer [Liu et al., 2024] 0.827 770 93.0 0.465 35.7 65.7 0.478 37.8 65.7 0.378  26.7 59.8
DuetGraph [Li et al., 2025a] 0.850 78.5 96.5 0.543 444 69.1 0.535 432 72.6 0.464 354 68.4
LaGR 0.855 79.0 96.9 0.558  44.6 76.1 0.550 45.6 73.2 0.472 369 63.1

Table 1: Inductive knowledge graph reasoning performance across 12 subsets from FB15k-237, WN18RR, and NELL-995. Best-performing

results are shown in bold, and second-best results are underlined.

S Experiments

This section first describes the experimental setup. We then
present a comprehensive evaluation that (1) assesses LaGR’s
performance on both inductive and transductive reasoning
tasks, (2) analyzes the contribution of its-key components,
(3) evaluates training and inference efficiency, (4) examines
score distributions under different attention mechanisms, and
(5) studies the model’s sensitivity to the hyperparameter M,
which determines the latent summary size.

5.1 Experimental Setup

Datasets. We evaluate LaGR on both transductive and in-
ductive benchmarks. For the transductive setting, we use
four KGs of varying sizes: FB15k-237 [Toutanova and Chen,
2015], WN18RR [Dettmers et al., 2018], NELL-995 [Xiong
et al., 2017], and YAGO3-10 [Mahdisoltani et al., 2013]. In
the inductive setting, the training and test graphs contain dis-
joint entity sets while sharing the same relations. We adopt
inductive benchmarks derived from FB15k-237, WN18RR,
and NELL-995, each split into four variants, yielding a total
of 12 subsets. For all datasets, we use the standard data splits
established in prior work [Liu et al., 2024].

Baselines. We compare LaGR against a diverse set of repre-
sentative methods, including embedding-based models, path-

based approaches, transformer-based models, hybrid meth-
ods, and other implementations such as meta-learning, geo-
metric representation learning, and regularization-based op-
timization. The complete list of baselines is reported in Ta-
bles 1 and 2.

Evaluation metrics. We measure performance using stan-
dard metrics for knowledge graph reasoning: Mean Recipro-
cal Rank (MRR) and Hit Rate at £ (H@k with k£ = 1, 10),
where higher values indicate better performance. Follow-
ing common practice, we report results under the filtered set-
ting [Bordes et al., 2013], which removes known true triples
from the ranking candidates.

5.2 Performance

Following DuetGraph [Li et al., 2025al, we adopt a coarse-to-
fine optimization strategy. Specifically, a pre-trained coarse
model partitions entities into high- and low-score subsets, af-
ter which the proposed model refines the final rankings within
each subset. For all baseline methods, we report results as
published in their original papers.

Inductive datasets. Table 1 reports performance compar-
isons on twelve inductive benchmark subsets. Across these
settings, LaGR consistently achieves the best or near-best
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Method FB15k-237 WNI18RR NELL-995 YAGO3-10
ethods

MRR H@l H@10 MRR H@l H@10 MRR H@l H@10 MRR H@l H®@I10
Embedding-based methods
TransE [Bordes et al., 2013] 0.330 232 52.6 0.222 1.4 52.8 0.507 424 64.8 0.510 413 68.1
DistMult [Yang ef al., 2015] 0.358 264 55.0 0.455 410 54.4 0.510 438 63.6 0.566  49.1 70.4
RotatE [Sun et al., 2019] 0.337 24.1 53.0 0477 428 57.1 0.508 44.8 60.8 0.495 40.2 67.0
HousE [Li et al., 2022a] 0.361 26.6 55.1 0.511 46.5 60.2 0.519 458 61.8 0.571  49.1 71.4
Path-based methods
DRUM [Sadeghian et al., 2019] 0.343 255 51.6 0486 425 58.6 0.532  46.0 66.2 0.531 453 67.6
CompGCN [Vashishth et al., 2020] 0.355 264 53.5 0479 443 54.6 0463 383 59.6 0.421 392 57.7
RNNLogic [Qu et al., 2021] 0.344 252 53.0 0483 446 55.8 0.516 46.3 57.8 0.554 509 62.2
NBFNet [Zhu et al., 2021] 0.415 32.1 59.9 0.551  49.7 66.6 0.525 45.1 63.9 0.563  48.0 70.8
RED-GNN [Zhang and Yao, 2022] 0.374 283 55.8 0.533 485 62.4 0.543 476 65.1 0.556 483 68.9
A*Net [Zhu er al., 2023] 0411 32.1 58.6 0.549 495 65.9 0.521 44.7 63.1 0.556 470 70.7
AdaProp [Zhang et al., 2023] 0.417 33.1 58.5 0.562 499 67.1 0.554 493 65.5 0.573 510 68.5
ULTRA [Galkin et al., 2024] 0.368 272 56.4 0480 414 61.4 0.509 44.1 66.0 0.557 47.1 71.0
Transformer-based methods
HittER [Chen et al., 2021] 0.373 279 55.8 0.503  46.2 58.4 0.518 437 65.9 0.339 25.1 50.8
KGTS5 [Saxena et al., 2022] 0.276  21.0 41.4 0.508 48.7 54.4 - - - 0.426  36.8 52.8
N-Former [Liu et al., 2022] 0.373 279 55.6 0.489 446 58.1 - - - - - -
SAttLE [Baghershahi et al., 2023] 0.360 26.8 54.5 0491 454 55.8 0.512 422 66.0 0.475  36.7 68.2
Other methods
MetaSD [Li et al., 2022b] 0.391  30.0 57.1 0.491 447 57.0 0.516 455 61.5 OOM OOM OOM
TuckeER-IVR [Xiao and Cao, 2024] 0.368  27.4 55.5 0.501  46.0 57.9 0.505 42.8 63.7 0.581 50.8 71.2
HyperKGR [Liu, 2025] 0.417 33.1 58.5 0.565 51.2 66.6 0.547 482 64.8 - - -
Hybrid methods
KnowFormer [Liu et al., 2024] 0.430 343 60.8 0.579 52.8 68.7 0.566  50.2 67.5 0.615 54.7 73.4
DuetGraph [Li et al., 2025a] 0.453 36.1 62.4 0.593 542 0.590 52.1 71.2 0.631 56.1 74.8
LaGR 0.458 36.6 62.6 0.594 545 0.593 524 69.4 0.636 56.8 74.8

Table 2: Transductive knowledge graph reasoning performance across four datasets. A dash (

(T3RL}

) indicates results that are unavailable due to

insufficient information for reproduction. OOM stands for out-of-memory.

results on almost all evaluation metrics. In particular, on
FB15k-237, LaGR outperforms existing methods across all
versions, improving upon the strongest baseline, DuetGraph.
Although some methods, such as AdaProp and DuetGraph,
perform competitively on specific metrics (e.g., Hits@ 10 on
WNI18RR v2 and NELL-995 v4), LaGR demonstrates more
stable performance across datasets and splits. These results
indicate that modeling global context through a fixed, com-
pact latent summary space is effective for inductive knowl-
edge graph reasoning.

Transductive datasets. Table 2 summarizes results on four
transductive benchmarks. LaGR achieves state-of-the-art per-
formance on most metrics across all datasets. A clear pat-
tern is that hybrid methods, including KnowFormer, Duet-
Graph, and LaGR, generally outperform single-paradigm
methods. For example, on FB15k-237, LaGR attains an MRR
of 0.458, exceeding both embedding-based models such as
HousE (0.361) and path-based methods such as AdaProp
(0.417). On the larger YAGO3-10 dataset, LaGR maintains
strong performance, achieving the highest MRR (0.636) and
Hits@1 (56.8). While DuetGraph achieves the best Hits@10
on WN18RR and NELL-995, LaGR remains the strongest
overall in terms of ranking accuracy, as reflected by MRR.
These results demonstrate the effectiveness and robustness of
LaGR in transductive reasoning settings.

5.3 Ablation Study

Table 3 reports a component-wise ablation study on the
FB15k-237 inductive subsets, examining the impact of key
design choices in LaGR. Across all subsets and evaluation
metrics, the original LaGR configuration (first row) achieves
the strongest overall performance.

Modeling global context through latent summaries con-
sistently outperforms linear attention approximation (Appr),
indicating the benefit of projecting a dynamic graph into a
fixed latent space for inductive reasoning. The role of or-
thogonality regularization is particularly evident: removing
this constraint (denoted by e) leads to a noticeable perfor-
mance degradation, especially on Hits@ 10. For example, on
v3, Hits@10 drops from 70.4 to 67.9 without regularization,
suggesting that promoting diverse and non-redundant latent
summaries is important for effective global context modeling.

In addition, the node-adaptive projection (Proj) strategy
shows strong generalization across settings. It consistently
outperforms scalar interpolation (Scal), regardless of whether
global information is captured through latent summaries or
linear attention approximation. This result supports the use of
a learnable, node-specific fusion mechanism over a uniform
weighting scheme when integrating local and global features.

Overall, these findings validate the architectural design of
LaGR and highlight the complementary roles of latent global
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Global Context Fusion Strategy vl v2 v3 v4
Lat Appr Proj Scal MRR H@l HE@10 MRR H@l HE@10 MRR HE@l HE@10 MRR HE@1 H@10
v v 0513 434 639 0.566 46.7 73.6  0.536 44.7 704 0517 417 70.3
. v 0.506 424 62.0 0560 46.1 712 0528 433 679 0511 412 69.0
v v 0495 415 62.6 0562 46.5 719 0531 435 68.7 0510 40.7 69.5
. v 0.492 412 61.6 0559 46.0 709 0526 426 67.6 0508 40.3 68.8
v v 0492 41.1 624 0556 45.6 717 0525 426 682 0515 413 69.5
v v 0.489 41.0 612 0554 454 71.7 0523 423 68.4 0506 40.6 69.2

Table 3: Component-wise ablation study on four FB15k-237 subsets. Lat and Appr denote capturing global context via latent summaries and
linear attention approximation, respectively. Proj and Scal refer to fusing local and global features using node-adaptive projection and scalar
interpolation. A checkmark (v") indicates that the corresponding component is included, while a dot (e) indicates the use of latent summaries

without orthogonality regularization. Best results are shown in bold.

Method FB15k-237 WNI18RR NELL-995 YAGO3-10
ethods

Param Train Infer Param Train Infer Param Train Infer Param Train Infer
KnowFormer [Liu et al., 2024] 6.1 M 700 49 342 K 512 18 51 M 1665 34 1M 44030 171
DuetGraph [Li et al., 2025a] 6.1 M 709 59 336 K 581 26 5.1 M 1749 42 997K 40530 185
LaGR 47 M 263 27 354K 396 13 4.0M 1573 30 850 K 36728 130

Table 4: Efficiency comparison of methods across transductive datasets of different scales. Param denotes the number of trainable parameters
(K: thousands, M: millions). Train and Infer indicate per-epoch training time and inference time, measured in seconds.

modeling and adaptive projection in improving inductive rea-
soning performance.

5.4 Efficiency Analysis

Table 4 compares the computational efficiency of LaGR with
two hybrid methods on transductive datasets of different
scales. Since these methods reach their best performance
within a similar number of epochs and do not employ early
stopping, we report the training time per epoch.

Overall, LaGR is consistently more efficient in both model
size and runtime. It uses the fewest trainable parameters
on three of the four datasets, with about a 23% reduction
on FB15k-237 and NELL-995 compared to the baselines.
This compact design leads to clear runtime benefits: LaGR
achieves the fastest training per epoch and the lowest infer-
ence time across all benchmarks. On FB15k-237, it cuts
training time by over 60% and reduces inference time by
nearly half relative to DuetGraph. Importantly, LaGR retains
this advantage on the large-scale YAGO3-10 dataset, show-
ing that its performance gains come from a more efficient and
lightweight design rather than increased computational cost.

5.5 Analysis of Score Over-Smoothing

To assess the extent of over-smoothing, we analyze the vari-
ance of output score distributions on the four inductive sub-
sets of FB15k-237. In this analysis, over-smoothing refers
to the collapse of representations into a narrow range, which
results in similar prediction scores for different candidate
triples. We compute the variance of these scores as an in-
dicator of the model’s ability to produce a discriminative dis-
tribution in which the ground-truth entity is separated from
negative candidates.

As illustrated in Figure 3, LaGR consistently produces
higher score variance than all hybrid baseline methods across
the evaluated subsets, whereas KnowFormer yields the lowest

@ 1aGR DuetGraph KnowFormer
8.00
8
.g 6.00 -
g
S |
- 4.00
3
(]
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0.00 T 1 T 1
vl v2 v3 v4

Figure 3: Comparison of the mean variance of output scores on in-
ductive subsets of FB15k-237.

variance. Notably, on the v2 and v3 subsets, LaGR achieves
variances of 6.6 and 8.3, exceeding those of the second-best
model by 424.9% and 164.1%, respectively. These results
suggest that LaGR better preserves feature distinctiveness, al-
leviating over-smoothing in deep graph reasoning models and
contributing to more reliable ranking performance.

6 Conclusion

This paper proposes LaGR, a novel paradigm for capturing
global interactions in knowledge graphs with linear computa-
tional complexity in the number of nodes. LaGR addresses
the over-smoothing and scale-dependent shifts in attention
entropy observed in prior linear attention approaches. In ad-
dition, we introduce a node-adaptive residual fusion strategy
for integrating global and local representations, which im-
proves the expressiveness of the fused features. Extensive
experiments demonstrate that LaGR achieves state-of-the-art
performance while remaining efficient and robust across di-
verse settings.
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