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Abstract

Graph foundation models represent a transformative paradigm
for learning transferable representations across diverse graph do-
mains. Recent methods leverage large language models to unify
graph and text modalities into a shared representation space using
contrastive learning. However, systematic evaluations reveal sig-
nificant performance degradation at structural boundaries where
distinct topological patterns converge, with accuracy losses exceed-
ing 20 percentage points. This issue arises from a key limitation:
current methods assume all graph structures can be encoded within
a single Euclidean space. In reality, tree structures require hyper-
bolic geometry to preserve hierarchical branching, while cyclic
patterns depend on spherical geometry for closure properties. At
structural boundaries, nodes experience conflicting geometric con-
straints that uniform encoding spaces cannot resolve. This raises a
crucial challenge: Can alignment frameworks be designed to
respect the intrinsic geometric diversity of graph structures?
We introduce GraphShaper, a geometry-aware framework that
enhances graph encoding through multi-geometric specialization.
Our approach employs expert networks tailored to different geo-
metric spaces, dynamically computing fusion weights to adaptively
integrate geometric properties based on local structural character-
istics. This adaptive fusion preserves structural integrity before
alignment with text embeddings. Extensive experiments demon-
strate that GraphShaper achieves 9.47% accuracy improvements
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on citation networks and 7.63% on social networks in zero-shot
settings.
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1 Introduction

Text-Attributed Graphs (TAGs) have become an important repre-
sentation for capturing complex systems by combining structural
connectivity with rich textual features [55]. Recent advances in
integrating graph learning with large language models offer new
approaches for reasoning over these hybrid structures [21]. Self-
supervised pre-training methods have emerged as key techniques,
enabling models to learn transferable representations from large-
scale graph data [59]. Contrastive learning approaches unify graph
and text modalities into shared representation spaces, achieving ef-
fective alignment between structural and textual signals [1]. These
methods have demonstrated strong zero-shot and few-shot perfor-
mance, showcasing the potential of TAGs in cross-domain knowl-
edge transfer and task generalization [17].

Approaches to integrating language models with graph learning
can be divided into three strategies [11]. The first focuses on en-
hancing node attributes by using language models to extract rich
textual features, refining node representations beyond shallow em-
bedding methods [27, 52]. Pre-trained encoders and domain-specific
prompting are often used to unify diverse downstream tasks [3, 8].
The second treats language models as predictors for graph tasks
by converting graph structures into token sequences, enabling
models to process graph-derived tokens in a text-comprehensible
format [31]. The third emphasizes aligning graph and text modali-
ties via contrastive learning, optimizing shared embeddings that
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Figure 1: Performance degradation at structural boundaries.
We compare zero-shot accuracy on normal regions versus
structural boundaries across Cora and Pubmed. All methods
exhibit systematic performance drops at boundaries.

unify multimodal information [21]. These strategies have achieved
notable results in cross-domain transfer and zero-shot tasks [5, 61],
yet they process diverse graph structures through uniform encoding
mechanisms, typically constrained to Euclidean geometric oper-
ations [60]. This raises questions about their ability to capture
the geometric diversity inherent in real-world graphs, motivating
systematic empirical investigation [13, 15].

To assess the robustness of current graph foundation models, we
conducted analyses across structurally diverse regions from citation,
social, and e-commerce networks. Our findings revealed an intrigu-
ing pattern: model performance varied substantially across different
graph regions. This variation was not random but closely linked
to local structural properties. In regions with uniform structural
patterns, models performed consistently well. However, accuracy
dropped sharply, often exceeding 20 percentage points, at transition
zones where structural patterns changed. These degradation zones
consistently appeared at the boundaries between differing topolog-
ical motifs. Across all tested graphs, similar performance declines
were observed in regions where distinct structural patterns con-
verged. Such variations could not be explained by simple metrics
such as density or degree alone. Nodes near structural boundaries
were statistically similar to those in homogeneous regions when
measured by local statistics, suggesting that the degradation arose
from deeper structural mechanisms. The consistent patterns of per-
formance drops across various domains and model architectures
indicate that this is not merely a limitation of model capacity. In-
stead, it highlights the challenges uniform encoding mechanisms
face when handling structural heterogeneity. Understanding why
structural boundaries differ from homogeneous regions is key to
addressing this issue.

Recent developments in geometric graph learning have shown
that different structural patterns align naturally with specific geo-
metric spaces. Tree structures rely on hyperbolic geometry to pre-
serve exponential volume growth without distortion. Cyclic pat-
terns require spherical geometry to maintain rotational symmetry
and closure. Regular grids are well-suited to Euclidean geometry
for uniform local connectivity. These geometric properties impose
constraints on how structural information is preserved during em-
bedding. However, current graph-text alignment methods compress
all patterns into a single Euclidean framework, creating conflicts at
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boundary regions. Suppose a node connects both to a tree-like struc-
ture and a cyclic motif. Preserving the tree’s hierarchy demands
exponential decay in distances to descendant nodes, while main-
taining the cyclic closure requires bounded cumulative distances
along the cycle. These requirements are inherently incompatible in
a single Euclidean space. The encoder must prioritize one property
at the expense of the other, leading to inevitable distortions. This
trade-off during encoding explains the performance drops shown in
Figure 1. The distortions introduced when embedding also impact
transferability. Models pre-trained on graphs with specific struc-
tural compositions learn a trade-off strategy tailored to that pattern
distribution. When applied to graphs with different compositions,
the nature of boundary conflicts changes. Consequently, the pre-
trained strategy becomes suboptimal. This explains why existing
models perform well within their training domain but struggle
during cross-domain transfer.
Inspired by the preceding observations, we introduce GraphShaper,

a geometry-aware framework designed to resolve the geometric
conflicts inherent in current graph-text alignment methods. Un-
like existing approaches that apply uniform encoding mechanisms
to all structural patterns, GraphShaper improves graph represen-
tations by incorporating specialized modules tailored to distinct
geometric properties. Each token is processed through networks
optimized for Euclidean, hyperbolic, and spherical transformations.
The model dynamically computes fusion weights for these mod-
ules based on the node’s local structural features, allowing it to
flexibly integrate multiple geometric attributes. By resolving con-
flicts through adaptive geometric composition rather than imposing
trade-offs, GraphShaper captures the geometric complexity of het-
erogeneous regions during encoding. This geometry-aware encod-
ing strategically aligns graph representations with text embeddings.
To ensure the modules specialize effectively, we encourage diversity
by maximizing weight differentiation in hypersphere space. This
design enables GraphShaper to develop distinct capabilities across
its geometric experts, enhancing its ability to tackle structural het-
erogeneity. Our contributions can be concluded as:

o We reveal that existing TAG methods face geometric limita-
tions by encoding all structures in a single Euclidean space.
This restriction prevents them from capturing diverse struc-
tural patterns and causes consistent performance drops at
structural boundaries.

e We introduce GraphShaper, a geometry-aware framework
using multi-geometric expert networks to transcend single-
space limitations. Through adaptive geometric fusion, it en-
ables robust cross-domain transfer without requiring labeled
target data.

e Comprehensive experiments validate GraphShaper’s effec-
tiveness, with accuracy gains of 9.47% on citation networks
and 7.63% on social networks in zero-shot transfer scenarios.

2 Related Work

2.1 Text-Attributed Graph Methods with LLMs

The integration of LLMs into graph learning has explored three
primary integration strategies [12, 18, 22]. Enhancement-based
methods leverage LLMs to enrich node features with semantic in-
formation before feeding them to downstream models (7, 25, 41, 43].
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Table 1: Illustrative examples of structural patterns and their geometric correspondences. Different topological patterns exhibit
distinct geometric properties. Euclidean geometry suits regular connectivity. Spherical geometry captures cyclic patterns.

Hyperbolic geometry accommodates hierarchical structures. Real-world graphs combine multiple patterns.

Structure Type Grid Star Circle Chordal Cycle Tree Bipartite Graph
Ilustration %E%;g );1( 8
Nodes are connected Multiple nodes connect Nodes form a closed Graph with chords Vertices are divided
. ;! . . Nodes form a tree, . L
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TAPE [16] uses ChatGPT to enhance node attributes beyond tra-
ditional Bag of Words representations. OFA [26] and ZeroG [23]
employ language models to unify node features and introduce graph
prompting techniques for task standardization. Direct prediction ap-
proaches serialize graph structures into natural language, enabling
LLMs to perform end-to-end inference [27, 29, 46, 48, 56]. Graph-
Text [58] transforms graphs into text sequences using G-Syntax
Trees. GraphGPT [36] and LLaGA [6] encode graph data into tokens
through GNNs, though they require labeled data for training and
show limited transferability [9, 24]. Alignment-based methods map
graph and text modalities into a shared embedding space [5, 54].
GLEM [57] optimizes GNNs and LLMs through iterative training.
ConGrat [2] and G2P2 [44] focus on node-text contrastive pre-
training but lack graph summary text information. GraphCLIP [61]
bridges GNN representations with LLM embeddings, achieving im-
pressive zero-shot performance across diverse tasks. Beyond these
primary paradigms, LLMs serve various auxiliary roles [42, 53].
GraphEdit [14] employs them for data augmentation, RLMRec [33]
aligns GNN embeddings with linguistic knowledge, and ENG [62]
generates synthetic nodes to address data scarcity.

2.2 Low-resource Graph Learning

Real-world graph applications often face limited labeled data, mak-
ing few-shot and zero-shot learning crucial for practical deployment
[32, 36, 51]. Early approaches leverage meta-learning paradigms
to enable rapid adaptation with minimal examples [63, 64]. Self-
supervised methods including DGI [37] and GraphCL [50] construct
contrastive views to enhance node representations through pre-
training, while MVGRL [15] incorporates subgraph and diffusion
information to capture richer graph semantics. However, these
methods typically require task-specific fine-tuning and degrade
significantly when supervision becomes extremely sparse. Recent
advances explore pseudo-labeling techniques where expand lim-
ited labeled data through confident predictions on unlabeled nodes
[10, 17, 49]. The emergence of LLMs offers new possibilities for
addressing these limitations [40]. LLaGA [6] introduces encoding
strategies that enable LLMs to process graph data without training,

while TEA-GLM [38] aligns GNN representations with LLM token
embeddings to achieve state-of-the-art cross-task and cross-dataset
generalization. These developments demonstrate that LLMs can
effectively tackle graph learning challenges without task-specific
supervision [4, 28, 61].

3 Preliminaries

3.1 Text-Attributed Graphs

A text-attributed graph is defined as G = (V,8,X,7), where
V ={ov1,0,...,0N} represents the node set with |V| = N nodes,
& € V XV denotes the edge set capturing structural relationships,
X € RV*4 represents node feature matrix derived from textual
content, and 7~ = {T1, T, . . ., Ty } denotes the collection of raw text
descriptions. The adjacency matrix A € {0, 1}™*N encodes the
graph topology, where A;; = 1 indicates an edge between nodes v;
and v;. For large-scale graphs, we employ random walk with restart
to extract ego-networks G; = (V;, &;, Xj, ;) centered around tar-
get nodes, capturing local structural and semantic patterns while
maintaining computational efficiency.

3.2 Riemannian Geometry

A Riemannian manifold M? is a smooth manifold equipped with
a Riemannian metric g that defines geometric properties at each
point. The curvature of the manifold determines how distances
and geodesics behave. Zero curvature corresponds to Euclidean
space E where geodesics remain parallel. Positive curvature defines
spherical space S where geodesics converge. Negative curvature
characterizes hyperbolic space H where geodesics diverge. These
distinct geometric spaces provide natural frameworks for represent-
ing different structural patterns. Hyperbolic spaces naturally ac-
commodate hierarchical tree structures due to exponential volume
growth. Spherical spaces capture cyclic patterns through rotational
symmetry and closure properties. Euclidean spaces handle regu-
lar grid-like connectivity. The exponential map exp, : M — M
projects vectors from the tangent space T,.M onto the manifold.
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Figure 2: Overview of the GraphShaper framework. The framework captures local structural patterns from input graphs and
encodes them across three distinct geometric spaces. Multi-head geometry attention combines these representations via a
gating network. Specialized feed-forward experts perform adaptive geometric fusion at structural boundaries. This design

enables zero-shot inference across different domains.

The logarithmic map log, : M — T, M performs the inverse opera-
tion. These maps enable computations in the tangent space while
maintaining geometric properties of the manifold.

4 Methodology

GraphShaper is a geometry-aware alignment framework that ad-
dresses geometric representation conflicts in text-attributed graphs
through multi-geometric specialization. The framework consists
of three key components: a Graph-Summary Pair Generation mod-
ule that creates semantically rich training data, a Geometry-aware
Graph Encoding mechanism that captures local structural patterns
in their optimal geometric spaces, and a Geometry-adaptive Align-
ment component that resolves conflicts through learned geomet-
ric composition. To enable both zero-shot and few-shot transfer
learning, we augment the architecture with dedicated adaptation
mechanisms.

4.1 Graph-Summary Pair Generation

Following established practices in graph-text alignment, we lever-
age large language models to generate summaries for graph struc-
tures, constructing high-quality graph-summary pair training data.

We employ GraphML markup language and design prompt tem-
plates to enhance comprehension of input graphs. For each sampled
subgraph G, extracted via random walk with restart sampling, we
transform structural and textual information into GraphML for-
mat, where nodes contain title and abstract attributes while edges
specify relationship types. Using GPT-4 as our summary gener-
ator, we create comprehensive graph summaries S; that capture
both local structural patterns and semantic context. This process
generates large-scale graph-summary pair data containing over
0.14B tokens across diverse domains including citation networks,
e-commerce platforms, and social networks. The resulting paired
data {(G;, Si)}fi , provides the foundation for our geometry-aware
contrastive pretraining, where N represents the total number of
graph-summary pairs and each S; contains rich semantic descrip-
tions of the corresponding subgraph.

4.2 Geometry-aware Graph Encoding

To capture the geometric diversity inherent in local structural con-
texts, we develop a geometry-aware encoding mechanism that
processes each node’s neighborhood in multiple geometric spaces.
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For a subgraph G; with node features X; € R™*9, we first ex-
tract the local structural context around each node through k-hop
neighborhood sampling.

Multi-geometric Structure Encoding. For each node v, we
construct three complementary structural representations based on
different geometric spaces. In Euclidean space, we compute local
connectivity features capturing grid-like patterns through standard
graph convolution. In hyperbolic space, we measure hierarchical
relationships and branching structures that characterize tree-like
patterns. In spherical space, we compute angular relationships and
closure properties for cyclic patterns. As illustrated in figure fol-
lowing, we extract diverse local substructures from the input graph,
including trees, cycles, and star patterns, then encode each in its
corresponding geometric space.These geometry-specific features
are learned through specialized Riemannian graph convolutions.
We first map node features to each geometric manifold through
coordinate transformation:

Vi = expj, (proj(Viecal)), @

where M € {E, H, S} represents the geometric space, ¢ denotes
the curvature parameter, proj(-) projects to the tangent space, and
Viocal represents local structural coordinates derived from the k-hop
neighborhood. We then identify structurally similar nodes using
K-nearest neighbors based on these geometric coordinates, forming
manifold-specific adjacency matrices Ay.

The geometry-aware features Py are learned through a two-
stage Riemannian GraphSAGE architecture:

Zy; = Fe—m(Xi, Au),  Step 1 @
Py = Frvi—m(Zag, Ave),  Step 2
where Fi, ., represents a Riemannian GraphSAGE layer:
Fitin Mo (X A) = expg™ (SAGE(logg™ (X), A)), ©)

where log transforms features from manifold Mj, to the tangent
space at origin, SAGE performs GraphSAGE aggregation, and expg®™
maps aggregated features to target manifold Moy This two-step
process first translates Euclidean node features to each target geo-
metric space, then refines representations within that geometric
context. The resulting geometry-aware features {Pg, Py, Ps } encode
local structural properties from multiple geometric perspectives,
enabling each structural pattern to achieve optimal representation

quality in its natural geometric space.

4.3 Geometry-adaptive Alignment

As established in our motivation, nodes at structural boundaries
face incompatible geometric constraints that cannot be resolved in
uniform Euclidean space. To address this, we design a geometry-
adaptive alignment mechanism that allows each token to flexibly
integrate multiple geometric properties based on its local structural
context. Unlike prior work that processes different structures in
isolated geometric spaces, our approach enables adaptive geometric
fusion through a mixture-of-experts architecture.

The framework integrates three expert FFN layers, each opti-
mized for processing features within its designated geometry while
maintaining the conventional Euclidean FFN from pre-trained mod-
els:

F(x) = W (a(WFx + b)) + b1, @)
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System prompt: You maintain three geometric representa
tions for graph structures. {Euclidean Space} encodes reg
ular connectivity patterns with standard distance metrics.
{Hyperbolic Space} captures hierarchical tree structures t
hrough exponential volume growth. {Spherical Space} m
odels cyclic patterns via rotational symmetry. For each no
de in the input graph, extract its k-hop neighborhood to co
nstruct local structural context. Encode this context in all t
hree geometric spaces using specialized graph convolutio
ns. Compute geometry-specific features: grid connectivity
in Euclidean, branching depth in Hyperbolic, and closure
properties in Spherical. Your output should contain three f
eature matrices. These multi-geometric representations en
able adaptive fusion at structural boundaries.

\User content: {GraphML citation network}. )

where W;E), W;E) € R%%4 are learnable weight matrices for the Eu-

clidean expert, biE), ng) € RY are bias vectors, and o(-) represents
the activation function.

The spherical expert layer captures angular relationships and
global symmetries:

Fs(x) =k - normalize(Wgs) (O'(Wis)x + bgs))) + b;s)), (5)

where k > 0 controls the spherical curvature parameter, normalize(-)
ensures outputs lie on the unit sphere, and Wis), Wgs) are spherical

expert weight matrices with corresponding bias terms bis), bgs).
The hyperbolic expert layer processes hierarchical structures:

Fir (%) = expy (W (a(logy (W @ x + b)) + b)), (6)

where exp,(-) and log,(-) represent exponential and logarithmic
maps at the origin of the Poincaré ball, ® denotes Mdbius matrix
multiplication, and WiH), WEH)
trices.

To enhance expert diversity and prevent parameter redundancy,
we maximize weight diversity in hypersphere space. We enforce
orthogonality constraints among expert parameters by minimizing
their pairwise correlations:

are hyperbolic expert weight ma-

~ max Lmps(W) = min p(W;, W), )
{Wi’),WQ” Yie(ES,H) #

where Lyms(-) represents the minimum hyperspherical separa-
tion loss, p(+, -) computes correlation coefficient between weight
vectors, Wi = %
matrix for expert i, and vec(-) converts matrix parameters into
unit hypersphere representations. This constraint ensures each ex-
pert develops distinct geometric specializations while maximizing
separation distance among expert weight vectors.

Rather than hard-routing to a single expert, each token’s repre-
sentation is computed as a weighted combination of all geometric
experts, allowing flexible integration of multiple geometric proper-
ties. A learnable gating network G(+) dynamically computes adap-
tive fusion weights based on geometric characteristics of input
features:

denotes the normalized vectorized weight

y= Y Gi(x) Filx), ®)

ic{E,S,H}
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where the gating weights are computed via softmax normalization:
exp(wlx + b))

2 je{ESH} eXP(WJTX +bj)

Gi(x) = ©)
with learnable parameters w; € R and bias b; for expert i, ensuring
i Gi(x) = 1. The geometry adapter is integrated every k = 4
layers in the transformer architecture to maintain computational
efficiency while providing sufficient geometric modeling capacity.
This adaptive combination mechanism resolves geometric conflicts
through learned geometric composition rather than forced trade-
offs, enabling nodes at structural boundaries to simultaneously
preserve multiple geometric properties.

For the contrastive alignment objective, we employ invariant
alignment loss to enhance cross-domain transferability:

Laiign = E(g,5)~p sup Ihg — us]|%, (10)
7/~

where hg € R? and us € R? represent aligned graph and summary
embeddings respectively, 7 denotes the augmentation distribution,
7 and 7’ are specific augmentation instances, and the supremum
operator ensures robustness against challenging geometric trans-
formations while preserving semantic alignment quality across
diverse structural patterns.

4.4 Model Adaptation

For zero-shot learning scenarios, our pretrained model can be di-
rectly deployed on target datasets without additional training. We
craft prompts incorporating target label information, such as "This
paper belongs to {class}" for citation networks. Zero-shot infer-
ence is performed by computing cosine similarity between graph
embeddings and label embeddings:

i = arg max By, sim(h;, ug), (11)

where sim(-, -) denotes cosine similarity and uy represents the em-
bedding of label k. For few-shot learning, we introduce geometry-
aware prompt tuning that maintains frozen pretrained parameters
while learning minimal prompt features. The prompt tuning objec-
tive aligns with our pretraining approach by incorporating learnable
perturbations:

m;nE(gjz)N]Plar [LSCL (hg + o, UZ)] > (12)

where o represents learnable prompt features, Z denotes label-
related sentences, P signifies target domain distribution, and
LscL is supervised contrastive loss treating same-label pairs as
positive and different-label pairs as negative. This approach enables
effective knowledge transfer with minimal parameter updates while
preserving geometric specializations learned during pretraining.

5 Experiments
5.1 Datasets

We conduct comprehensive experiments on seven text-attributed
graph datasets spanning academic and e-commerce domains to
evaluate model performance under different shot settings. The
datasets include Cora, Pubmed, and ArXiv from the academic do-
main, along with Children, History, Photo, and Products from the
e-commerce domain (as show in Table 2). These datasets capture
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Table 2: Statistics of Text-Attributed Graph datasets.

‘ #Nodes #Edges Domain #C

Cora [47] 2,708 5,429 Academic 7
Pubmed [34] 19,717 44,338 Academic 3
Children [30] 87,229 721,081 E-commerce 10
History [30] 41,551 358,574  E-commerce 12
Photo [30] 48,362 500,928  E-commerce 12
ArXiv [19] 169,343 1,166,243 Academic 40
Products [19] | 2,449,029 61,859,140 E-commerce 47

diverse structural patterns and semantic contexts while covering
a broad spectrum of graph sizes and structural complexities. We
evaluate the models under 0-shot, 1-shot, 3-shot, and 5-shot settings
to assess their generalization capabilities and learning efficiency
with limited or no labeled data. For node description tasks, we em-
ploy Sentence-BERT (SBERT) Score to measure semantic similarity
between generated and ground-truth descriptions, where higher
scores indicate better alignment with reference text.

5.2 Baselines

We compare GraphShaper against diverse baseline methods to
validate its effectiveness across different paradigms. For graph
foundation models, we include state-of-the-art approaches such as
OFA [26] for unified graph task modeling, LLaGA [6] for graph-
language integration, GraphGPT [36] for graph instruction tuning,
GraphEdit [14] for graph structure learning, TEA-GLM [39] for
aligning GNN representations with LLM embeddings, RiemannGFM
[35] for Riemannian geometry-based structural vocabulary learning,
and GraphCLIP [61] for enhancing transferability in graph founda-
tion models. These methods represent the forefront of graph-text
alignment research. We also incorporate traditional graph neural
networks including GCN [20] and NodeFormer [45] as baselines
to highlight the importance of integrating language models and
geometry-aware design in addressing cross-domain challenges.

5.3 Implementation Details

GraphShaper is implemented with a geometry-aware alignment
framework tailored for cross-domain transfer learning, with a graph
encoder consisting of 12-layer Graph Transformer modules (hid-
den dimension 1024) and a 6-layer SBERT text encoder (hidden
dimension 384). Geometric diversity is achieved using curvature
parameters set to cg = —1.0 for hyperbolic space and ¢s = 1.0 for
spherical space, alongside geometry adapters inserted after every
four transformer layers. Training is performed over 30 epochs on
source datasets using the AdamW optimizer with a learning rate
of 1 X 1075, a weight decay of 1 x 107>, and a batch size of 800 per
GPU across 8 A100 80G SXM4 GPUs. Few-shot experiments freeze
pretrained parameters while fine-tuning prompt features for 100
epochs with a learning rate of 1 X 10™*. To ensure performance
and efficiency, mixed precision (fp16) is utilized for training, while
modal inputs are processed in full precision (fp32) for stability. Fur-
thermore, embeddings are normalized through L2 regularization,
with learnable scaling factors a,, incorporated to balance modal
contributions.
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Table 3: Node classification accuracy (% + o) under different shot setting. Bolded results indicate the best performance.

Dataset GNN as predictor LLM as predictor
K-shot GCN  NodeFormer OFA GraphGPT GraphEdit LLaGA  TEA-GLM GraphShaper
0-shot 1.7040.41 2.4010.04 13.0040.44  12.5040.28 18.401041 15.801057  19.2040.19 29.8040.72
g 1-shot 7.8710.80 9.324035 21.204047 16484024  23.674079 24.6241034 30.3541.02 33.4540.01
O 3-shot | 13.31.96¢ 14.5110.99 17124006  20.5540.71 26.45.081 21.69:031 23.48:04s 36.28.0.63
5-shot | 18.66.¢.¢5 20.7240.24 25.034081  25.334033 28.84,079 29.05:019 26.88:0.74 38.91.055
- 0-shot | 28.8040.73 20.8040.43 31404019 58.204097  70.104021 76.2040092  82.5040.46 89.70.40.31
g 1-shot | 32.61.914 29.14,0.42 35.254060 62.404099  70.5540.10 76.471097 84.691050 90.3549.69
§ 3-shot | 35.35.0.04 25.8910.91 38.141017 64324050  70.8940.13 76.69:0.06 83.6040.45 93.5240.48
A 5-shot 38.5710.94 32.5040.94 40.124924 65441060 71.351076 76.951074 85.7610.30 94.15.0.76
o 0-shot 3.0040.62 4.8040.17 6.40.0.73 27404005 33.604077 22.804069 29.8040.99 48.65.0.33
_g 1-shot 11-39i0.73 9-0410.47 13-0310.63 29.85i0.77 38.6410.75 34-1410.94 33-3210.30 52.84i1.02
= 3-shot | 17.66.0.9s 19.3640.36 20.944970 33.04:0.11 36.0611.02 27.034074 37.871075 53.47 1067
© 5-shot | 20.74.0.04 15134035 17.254032  36.2341102  41.724081 31404087  35.5710.55 55.28.0.71
o 0-shot 6.5040.46 16.8040 .66 5.2040.37 29104025  31.904049 20.804063 49.8010.37 51.45,0 59
S 1-shot 11.42410.95 22'99i0.96 115210.68 370410.08 40'41i0.20 26.13411.01 51.204_4).10 53.88i0'82
2
% 3-shot | 18.41.9.7s 25.7541.02 16.071064 31.941036  34.294057 29.014087 55.3940.0s8 54.67 10 94
5-shot | 22.51.49.07 30.2840.90 20.064093  33.984016  37.744048 31.354046 52.8740.42 55.93.40.68
0-shot | 10.30..57 7.3010.44 34.004064 39.704022  41.50404¢ 27.5040.10 40.10471.00 56.1540.34
“g 1-shot | 15.93.0.06 18.8040.96 3747064 42714053  43.154042 31.244087 42.0240.95 57.92 1066
& 3-shot | 19.44.02s 13.2040.71 41.724056  46.574005  44.831086 34.03.045 44.69:030 59.28.40.01
5-shot | 24.53.¢.94 22.9040.47 39.12,004 44.734095 47104063 36.241100 46.214065 60.74.0.77
Table 4: Link prediction AUC Score (cross-task) under differ- Table 5: Node description task using Sbert Score under dif-
ent shot setting. The best results are in bold. ferent shot setting. The best results are in bold.
%i;iett GraphGPT GraphEdit LLaGA TEA-GLM GraphShaper Il)ézisoett GraphGPT GraphEdit LLaGA TEA-GLM GraphShaper
0-shot 50.20-0.68 58.20402¢ 58.80.081 55.301039 60.38.0.31 0-shot 64.113:0‘13 61.091:0.96 86.721()‘66 70.201:0.77 90.823:0_39
® 1-shot |50.744012  59.141065 60.55:1021 56.001027 59.0140.65 ® 1-shot | 65.024099 61.834100 86.921043 70.731031 87.39.40.88
S 3-shot |52.21.083 60.01s001 59.51s082 57.10.080  61.99.0ss S 3-shot | 65754062 62.274074 87.174057 71.64400s  91.114100
5-shot |51.49,034 60.465035 61.2d1055 57.5741049  62.5640 52 5-shot | 66.66.055 62.76.:077 87.284046 71.144047  87.66.035
o O-shot [49.90.005  42.804045 56.10:015 67.80:097 706600 o 0-shot | 732505 6310084 93.70:065 85.41s00s  89.70s05:
g 1-shot |50.39.4037 44.47.033 56.91.085 69.084035 74.13.071 E 1-shot | 73.72.085 64.694020 92.58109s 85.66.0385 94.50. 36
S 3-shot [50.95.042 43.444020 57.96:096 68.69.072  71.70.4046 S 3-shot | 74.23.0735 63.761053 92.47.035 85.84s026  90.04x079
A« 5-shot |52.00.015 45.01.071 58974064 69.59.4032 75.2540.01 A« 5-shot | 74.82.060 65314101 89.96.026 86.111021 93.86.0.49
= 0-shot 45.8040.33 38.804064 43.40.097 57.401027 62.13.0.41 0-shot 58924025 55.671016 74.64:046 60.0440.10 79.61.0 .44
£ 1-shot |46.60s041 3947:015 44.17:053 57.88:001  65.29:035 & 1-shot | 59.86.047 56.40s010 75.45.030 60.62:072  83.31sg01
g 3-shot [47.18.037 41.23.095 44865100 59.87:055  63.71s061 Z 3shot | 61334050 57.19s074 75892072 61.65:071  80.45.065
O 5-shot |47.99.045 40.12.042 45.81.051 58.884005  66.82.0.42 5-shot | 60.52.011 58.224071 74.98.101 62.484014  84.19.0s5
>\.O'ShOt 28.2040.50 42204078 48.104063 53.1010.64 65.37.0.88 @2 0-shot 66.45.065 62.01.030 83.18:0.10 69.7710.22 90.45.0.7¢
:é‘ 1-shot 29.1510.22 42.7810,55 50‘07i0.21 53.78i0407 63.45i0.79 % 1-shot 67.354000 63.67:055 83.394021 70.231035 87.19.+0.45
2 3-shot |30.144030  43.584055 49.074030 55.264103  66.91.028 8 3-shot | 68.12:051 62.924074 83.57s059 71.29s085  90.60:04s
T 5.shot |31.120065 44.045006 50.96110; 54431073  65.161015 & 5-shot | 68.724005 64.38:101 83.84x06s 70.73:067  87.37+052
5.4 Main Result
Zero-shot and few-shot transfer performance demonstrates our
superiority across diverse domains. Table 3 shows GraphShaper
achieves 29.80% accuracy on Cora and 89.70% on Pubmed in zero- on both Cora and Products. Table 6 further confirms cross-dataset
shot settings, outperforming the strongest baseline TEA-GLM by generalization with 5.7% improvement over RiemannGFM when
substantial margins. Table 4 validates consistent link prediction transferring from Arxiv and PubMed. These results collectively
improvements with 70.66% AUC on Pubmed. Table 5 demonstrates demonstrate that adaptive geometric fusion enables robust knowl-

superior node description quality using SBERT scores above 90% edge transfer without requiring labeled target data.
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Table 6: Generalization performance of GraphShaper on zero-shot node classification across multi-dataset transfer settings.

(Arxiv+Pubmed+Cora) (Arxiv+Cora) (Arxiv+Cora) (Arxiv+PubMed) (Arxiv+PubMed)
Model — Products — PubMed — Arxiv — Cora — Arxiv
LLaGA 13.8% 42.1% 48.2% 16.4% 46.7%
TEA-GLM 9.1% 38.6% 50.3% 21.9% 54.7%
GraphCLIP 11.7% 46.9% 55.7% 19.3% 58.4%
RiemannGFM 13.4% 43.8% 52.4% 25.1% 67.9%
GraphShaper 19.7%(4.4% 1) 51.3%(4.4% 1) 60.2%(4.5% 1) 27.8%(2.7% 1) 73.6%(5.7% 1)

Table 7: Ablation study results for each architecture com-
ponent. Lyys denotes expert diversity loss. A represents the
performance gap compared to the full model.

Architecture Components ‘ Cora ‘ Children
Multi-Geo Hyper Sphere Gating Lyus ‘ Acc A ‘ Acc A
v v v v v | 29.80 - | 48.65 -
19.20 -10.60 29.80 —18.85
v v v v 24.50  —5.30 | 46.10  -2.55
v v v v 27.90 —1.90 | 45.30 -3.35
v v v v 22.10 -7.70 | 42.70  -5.95
v v v v 26.50  —3.30 | 46.90 -1.75
Eucli. Experts Hyper. Experts Sphere. Experts
Cora Pubmed

100% 100%

Percentage
Percentage

0 2 8 10 0 2 8 10

i 1 ; i ; i
Layer index Layer index

Figure 3: Geometric expert activation distribution across all
transformer layers.
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Figure 4: Impact of Curvature Parameters on Model Perfor-
mance.

5.5 Model Analysis

Geometric expert activation patterns reveal adaptive specializa-
tion across network layers. Figure 3 illustrates expert distributions
where hyperbolic experts dominate with approximately 60-70%
activation, reflecting hierarchical citation structures in academic
networks. Spherical experts maintain 20-30% activation for cyclic
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Figure 5: Impact of Expert Diversity Loss Weight.
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Figure 6: Performance and efficiency trade-off of geometry
adapter frequency and analysis of K-hop neighborhood sam-
pling range.

patterns while Euclidean experts contribute 10-20% for local con-
nectivity. The consistent distribution across layers indicates sta-
ble geometric specialization throughout network depth. Notably,
Pubmed shows higher hyperbolic activation than Cora, suggesting
stronger hierarchical organization in medical literature. The bal-
anced utilization validates multi-geometric fusion over single-space
encoding.

5.6 Hyper-parameter Analysis

Curvature parameters and diversity loss weight critically influence
model performance. Figure 4 shows optimal hyperbolic curvature
around -1.0 and spherical curvature around 1.0 across datasets,
with Pubmed maintaining highest accuracy due to its hierarchical
structure. Extreme values degrade performance by misrepresent-
ing geometric properties. Figure 5 reveals moderate diversity loss
weights between 0.05 and 0.1 yield optimal performance, while
excessive weights above 0.25 over-constrain expert parameters.
Figure 6 demonstrates geometry adapter frequency of 4 layers and
k-hop range of 3 provide the best balance between performance
and efficiency. These analyses confirm careful geometric parameter
calibration enables effective structural encoding.

5.7 Ablation Study

Each architectural component contributes significantly through spe-
cialized geometric modeling. Table 7 shows removing all geometry-
aware components reduces Cora accuracy from 29.80% to 19.20%
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and Children accuracy from 48.65% to 29.80%. Removing hyper-
bolic experts alone causes substantial drops, demonstrating their
critical role in hierarchical encoding. Eliminating spherical experts
reduces cyclic pattern modeling capability. Removing the gating
network leads to major degradation, validating adaptive fusion over
static combination. Disabling diversity loss confirms orthogonality
constraints prevent parameter redundancy. The cumulative effect
exceeds individual contributions, indicating synergistic interactions
between geometric experts and fusion mechanisms. These results
demonstrate geometry-aware design is essential for structural het-
erogeneity.

6 Conclusion

This work addresses geometric representation conflicts in graph
foundation models caused by encoding diverse structural patterns
in uniform spaces. Current methods using single Euclidean spaces
create trade-offs that distort structural information, especially prob-
lematic in cross-domain transfer. GraphShaper resolves this through
adaptive geometric fusion, where each node dynamically integrates
multiple geometric properties according to local context. Strong
zero-shot and few-shot results validate this geometry-aware ap-
proach.
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