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Abstract

Text-attributed graphs (TAGs) require jointly
modeling relational structure and node-level
text. Existing GNN-LLM approaches perform
by incorporating large language models at in-
ference time for processing the text attributes,
resulting in costly deployment. More funda-
mentally, LLM knowledge is typically used in
a sample-wise manner, leading to inefficient
utilization across graph instances. In this work,
we study how interactions with LLM embed-
ding spaces affect graph representations, and
show that projecting into the LLM space can
learn better GNNs. That is to say, the knowl-
edge encoded in LLM embeddings can be com-
pressed into graph representations. Based on
this insight, we propose a framework that in-
ternalizes LLM knowledge within graph mod-
els and supports inference-efficient TAG learn-
ing. Our framework employs a hierarchical
Proxy-Purifier module with distribution-level
regularization, using LLM embeddings only as
training-time guidance. With this module, the
model operates TAGs without invoking LLMs,
achieving high efficiency as standard GNNs
without LLMs. Notably, experiments on five
popular TAG tasks further demonstrate that
our method can also achieve consistent perfor-
mance gains, in comparison to existing GNN-
LLM approaches.

1 Introduction

Text-attributed graph (TAG) learning requires
models to jointly reason over structured rela-
tions and natural language descriptions, making
them a natural extension of language understand-
ing to structured reasoning settings (Hamilton
et al., 2017a; Zhou et al., 2020). In such scenar-
i0s, linguistic information provides semantic con-
text, while graph structure encodes relational con-
straints that enable reasoning beyond isolated text.

A common approach for TAG learning is to
combine graph neural networks (GNNs) (Kipf and
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Figure 1: Comparison of LLM knowledge utiliza-
tion paradigms in graph learning. Left: sample-wise
LLM conditioning. Right: global knowledge compres-
sion with LLM-free inference.

Welling, 2017; Velickovic et al., 2018; Hamilton
et al., 2017b; Xu et al., 2019), which model rela-
tional structure, with textual encoders that process
node-associated descriptions. With the emergence
of large language models (LLMs), recent meth-
ods further incorporate LLMs into this paradigm,
leveraging their strong representational capacity
to enhance graph learning (Zhao et al., 2023; Liu
etal., 2024; He et al., 2024), and achieving notable
empirical gains on various TAG tasks.

Despite these advances, existing GNN-LLM ap-
proaches face two fundamental challenges in prac-
tice. First, they usually require computing LLM
representations for each sample at inference time,
leading to costly deployment pipelines (Li et al.,
2024; Ren et al., 2024). More fundamentally, the
way LLM knowledge is utilized in these methods
remains inefficient. In most cases, LLM knowl-
edge is consumed in a sample-wise manner, where
LLM representations are repeatedly used for indi-
vidual instances rather than being compressed into
a reusable form that can support generalization
across instances (Tang et al., 2024; Wang et al.,
2023; Zhu et al., 2024). Figure 1 contrasts this
sample-wise conditioning paradigm with an alter-
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native global knowledge compression perspective.

From a modeling perspective, we formalize
existing GNN-LLM approaches as relying on
sample-wise conditioning,

p(yi | G.ti) = p(yi | Ae™N, From(t)),

where the LLM encoder F7 1, (-) must be invoked
independently for each instance. As a result, LLM
knowledge appears explicitly at prediction time
and is not accumulated into the graph representa-
tion itself.

This motivates us to explore whether LLM
knowledge can be compressed into graph represen-
tations, instead of being utilized through sample-
wise conditioning. In modeling terms, we frame
this question as an internalized representation
transformation process,

hi =@ (SN Frim),  plyi | G) = p(yi | b)),

where LLM interactions guide representation
learning and are removed at inference time.

By examining GNN-LLM interactions from
both representation-level geometry and task-level
effects, we observe consistent patterns across
datasets. Projecting GNN representations into the
LLM embedding space leads to more organized
embedding geometry and more stable decision be-
havior. These improvements reveal that the knowl-
edge encoded in LLM embedding spaces can be
compressed into graph representations, rather than
being used in a sample-wise manner.

Motivated by this insight, we propose a train-
able framework that explicitly treats GNN-LLM
interaction as a process of knowledge compres-
sion. Rather than repeatedly consuming LLM rep-
resentations for individual instances, our method
compresses information encoded in the LLM em-
bedding space into graph representations through
a projection module and a controlled refinement
mechanism that preserves essential instance-level
distinctions. A distribution-level regularization
strategy is further introduced to stabilize the com-
pression process.

Under this framework, LLMs are used only dur-
ing training as supervisory signals to guide knowl-
edge compression. At inference time, the model
operates without invoking LLMs, relying solely on
graph representations. Experiments on five real-
world TAG benchmarks, our method delivers con-
sistent performance gains with an average Macro-
F1 improvement of 2.7%, while maintaining infer-
ence efficiency comparable to standard GNNSs.

Our contributions are summarized as follows:

* We analyze GNN-LLM interactions in text-
attributed graph learning, showing that in-
teractions with LLM embedding spaces im-
prove graph representations and support ef-
fective knowledge compression.

* We propose a trainable framework that com-
presses LLM knowledge into graph represen-
tations during training, while supporting fully
LLM-free inference.

* We introduce a distribution-level regulariza-
tion strategy that stabilizes the compression
process and preserves global structure.

* Extensive experiments on standard TAG
benchmarks demonstrate consistent perfor-
mance gains while significantly reducing
inference-time cost.

2 Related Work

2.1 Text-Attributed Graph Learning

Text-attributed graphs (TAGs), where nodes are
associated with both relational structure and tex-
tual descriptions, are widely studied in applica-
tions such as citation networks, knowledge graphs,
and social platforms. Early TAG methods typi-
cally encode textual attributes using bag-of-words
or TF-IDF representations and integrate them into
graph models through shallow fusion mechanisms,
including linear text models combined with graph-
based matrix factorization or early GCN-style ar-
chitectures (Yang et al., 2016; Tang et al., 2015;
Perozzi et al., 2014; Grover and Leskovec, 2016).

Subsequent work improves representational ca-
pacity by incorporating pretrained word embed-
dings or neural text encoders into graph neural net-
works. Representative models such as TADW and
TextGCN jointly model textual and structural in-
formation for node-level tasks (Yang et al., 2015;
Yao et al., 2019). While these methods outper-
form purely structural baselines, textual attributes
are still treated as auxiliary features and rely on
task-specific encoders.

Recent surveys on graph foundation models
point out that traditional TAG methods remain lim-
ited in leveraging external knowledge beyond the
observed corpus, with inductive biases largely gov-
erned by graph topology and local feature statis-
tics (Ren et al., 2024; Hamilton et al., 2017a; Zhou
et al., 2020). These limitations motivate the inte-
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gration of large pretrained language models into
TAG learning.

2.2 GNN-LLM Integration for TAGs

Recent work explores integrating graph neural net-
works with large language models to exploit se-
mantic knowledge learned through large-scale pre-
training. Existing GNN-LLM methods can be
broadly categorized by the role of the LLM in the
pipeline (Li et al., 2024; Ren et al., 2024).

LLM as Enhancer. A common paradigm treats
LLMs as semantic enhancers that generate con-
textualized embeddings for node-associated texts,
which are then incorporated into GNNs as en-
riched node features. These methods improve se-
mantic representation quality through feature con-
catenation or lightweight fusion modules (Chai
et al., 2023; He et al., 2024; Liu et al., 2024).
However, they typically require recomputing LLM
embeddings at inference time and rely on sample-
wise consumption of LLM representations, lead-
ing to high deployment cost and a lack of knowl-
edge reuse (Li et al., 2024).

LLM as Predictor. Another line of work em-
ploys LLMs directly as predictors for graph-
related tasks such as node classification, link pre-
diction, or subgraph reasoning (Tang et al., 2024;
Wang et al., 2023; Chai et al., 2023). Related meth-
ods in this direction also explore prompting, in-
struction tuning, or lightweight LLM-centric adap-
tation to better exploit pretrained LLM priors for
graph learning (Tang et al., 2024; Huang et al.,
2024). While flexible, these approaches still keep
the LLM within the task-solving pipeline and typi-
cally depend on repeated LLM inference or LLM-
centric adaptation, rather than explicitly internaliz-
ing knowledge into compact graph representations
(Li et al., 2024).

LLM as Aligner. LLM-as-aligner approaches
jointly train GNNs and LLMs as parallel compo-
nents, coordinating structural and linguistic repre-
sentations through unified or iterative optimization
frameworks (Zhao et al., 2023; Jin et al., 2023;
Zhu et al., 2024). Although effective for multi-
modal alignment, these methods primarily focus
on representation consistency and often retain de-
pendence on LLM components during training or
inference, rather than compressing LLM knowl-
edge into standalone graph models.

Overall, existing GNN-LLM approaches differ
in integration strategies but share a common lim-
itation: LLM knowledge is not sufficiently com-
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Figure 2: Representation space analysis on the Cora
dataset. (a) PC1 density of node embeddings with ex-
plained variance ratio (EVR). (b) Density patterns un-
der LLM-induced PCA coordinates.

Table 1: Linear probe performance on frozen RAW and
PROJ representations.

Dataset Representation Acc(%)1 F1(%) 7T
Cora RAW (GNN) 86.50 84.82
PROJ (Projected) 87.04 85.32
Citeseer RAW (GNN) 76.13 67.49
PROJ (Projected) 77.22 73.66
PubMed RAW (GNN) 89.28 88.75
PROJ (Projected) 89.53 89.07

pressed into graph representations, and remains
tied to sample-wise usage or external LLM compo-
nents. This motivates the need for more effective
mechanisms to compress and reuse LLM knowl-
edge in graph learning.

3 Understanding Projection-Induced
Structure from LLM Embeddings

In this section, we present an empirical analysis
of how interactions between GNN representations
and LLM embedding spaces lead to improved
graph representations, independent of downstream
task architectures, and whether such reorganiza-
tion can serve as a mechanism for extracting
global knowledge from LLMs. To examine these
interaction-induced effects in a controlled manner,
we use a simplified projection-based diagnostic
setup. The projected representations, obtained by
mapping GNN embeddings into the LLM embed-
ding space, are used only for diagnostic analysis
here and do not correspond to the complete frame-
work developed later in Section 4.
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3.1 Representation Space Analysis

We first examine how projection into the LLM em-
bedding space affects the geometry of graph rep-
resentations at the embedding level. Specifically,
we compare three types of representations: raw
GNN embeddings (RAW), projected GNN embed-
dings (PROJ), and LLM embeddings. Here, PROJ
refers to the representations obtained by mapping
GNN embeddings into the LLM embedding space.
These representations are used for diagnostic anal-
ysis in the following subsections. Detailed settings
of this projection-based diagnostic setup are pro-
vided in Appendix B.

Geometry Reshaping under Projection. Fig-
ure 2(a) compares RAW, PROJ, and LLM rep-
resentations on Cora using label-free diagnostics.
For each representation space, we perform PCA
independently and project node embeddings onto
the first principal component (PC1), reporting the
explained variance ratio (EVR). RAW shows a
diffuse PC1 density with low explained variance,
while PROJ exhibits a sharper and more organized
PC1 structure with higher EVR, indicating that
projection induces global geometric reorganiza-
tion rather than noise-dominated embeddings. Im-
portantly, this reorganization does not imply col-
lapse into the LLM space, but reflects a structured
reshaping that preserves graph-specific variability.
Representations under LLM-induced Coordi-
nates. To further examine how interaction with
the LLM embedding space reshapes graph repre-
sentations, we analyze all representations under a
shared coordinate system defined by LLM embed-
dings. We compute principal directions from LLM
embeddings and use them as projection axes, onto
which RAW and PROJ representations-mapped to
the LLM dimensionality and centered by the LLM
meanare projected.

As shown in Figure 2(b), PROJ embeddings
form a more continuous density band around the
central coordinates across multiple LLM principal
directions, whereas RAW embeddings appear as
more scattered and isolated high-density blocks.
This suggests improved compatibility with the
global structure encoded by the LLLM space, with-
out enforcing direct semantic alignment.

Taken together, these results suggest that projec-
tion enables the internalization of LLM-induced
distributional priors, reorganizing graph represen-
tations toward more structured global geometry.
Additional results on Citeseer and PubMed are
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Figure 3: Decision margin distributions of RAW and
PROJ representations. PROJ exhibits a consistent
rightward shift, indicating more stable decisions.

Noise robustness Noise robustness Noise robustness

. —o— RAW 0.74 —o— RAW —o— RAW
c\./ PROJ PROJ 0.88 PROJ

—
o 086

0.82 0.68
0.66 0.84
0.80

2 2

2

1 1 1
Noise Ratio (o) Noise Ratio (o) Noise Ratio (o)

Figure 4: Robustness of RAW and PROJ represen-
tations under feature noise. PROJ degrades more
slowly, indicating improved robustness.

provided in Appendix A.
3.2 Task-Level and Robustness Analysis

We next examine whether the projection-induced
geometric reorganization observed in Section 3.1
leads to improved decision behavior and robust-
ness at the task level. All evaluations in this sec-
tion are conducted as diagnostic probes of repre-
sentation quality, using the same lightweight linear
classifier trained on frozen representations. This
setting isolates the effect of representation geome-
try from architectural or optimization differences.

Linear Probe Evaluation. As a first diagnostic,
we evaluate representation quality using a linear
probe for node classification. A single linear clas-
sifier is trained on frozen RAW and PROJ repre-
sentations for each dataset.

Table 1 reports accuracy and macro-F1 scores.
Across all datasets, PROJ representations consis-
tently outperform RAW embeddings, indicating
that projection-induced reorganization improves
downstream separability even under a minimal
classifier. This suggests that the benefits of pro-
jection are not tied to specific task heads, but arise
from intrinsic changes in representation structure.

Decision Margin Distribution. To further ex-
amine decision stability, we analyze the distribu-
tion of classification margins produced by linear
classifiers trained on RAW and PROJ representa-
tions. For each node, the margin is defined as the
difference between the logit of the ground-truth
class and the maximum logit of other classes.

As shown in Figure 3, PROJ representations ex-
hibit a clear rightward shift in margin distributions
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Figure 5: Overall framework of the proposed Hierarchical Proxy-Purifier model.

compared to RAW embeddings, with fewer sam-
ples near or below zero. This indicates more con-
fident and stable decisions induced by projection,
consistent with improved global organization of
the representation space.

Robustness under Feature Noise. We further
evaluate robustness by injecting controlled Gaus-
sian noise into node features at test time and mea-
suring performance degradation. Figure 4 reports
F1 scores under increasing noise ratios for both
RAW and PROJ representations.

Across all datasets, PROJ embeddings degrade
more slowly than RAW embeddings as noise
increases, retaining substantially higher perfor-
mance over a wide range of perturbation strengths.
This behavior suggests that projection-induced
structure filters out noise variability, leading to im-
proved robustness to feature perturbations.

Taken together, these task-level analyses
demonstrate that projection into the LLM em-
bedding space yields tangible improvements in
decision stability and robustness, even when eval-
uated with frozen representations and lightweight
classifiers. These effects align with the geometric
reorganization observed in Section 3, reflecting
both global structural changes in representation
geometry and local improvements in decision
behavior. This consistency supports the view that
projection internalizes useful distributional priors
rather than acting as a superficial feature trans-
formation. Motivated by these projection-based
diagnostic observations, we next develop a full
training framework that explicitly regulates and
compresses such inductive bias during training.

4 Method

In this section, we present an inference-efficient
framework that compresses LLM-induced knowl-
edge into graph representations through GNN-

LLM embedding interactions.

Motivated by the diagnostic findings in Sec-
tion 3, which reveal complementary global and
instance-level effects, we adopt a hierarchical de-
sign implemented via a Proxy-Purifier module and
optimized with a two-stage training strategy.

4.1 Problem Setup

We consider a text-attributed graph (TAG) G =
(V,E, X, T), where each node v; € V is associ-
ated with a structural feature vector x; € R% and
a text embedding t; € R% extracted from a pre-
trained LLM.

A GNN encoder fy(-) maps the graph to node
representations:

z; = fo(X,E)i, 2 € R%. (1)

Unlike prior GNN-LLM approaches, we as-
sume that text embeddings {t;} are available only
during training. Our goal is to compress LLM-
induced knowledge into graph representations that
can be directly used for downstream tasks without
requiring LLM access at inference time.

4.2 Knowledge Compression via Projection

We view graph-text interaction not as representa-
tion matching, but as compressing LLM-induced
inductive bias into graph representations.

LLM embeddings encode global regularities
shaped by large-scale pretraining. Projection into
the LLM embedding space serves as the core
mechanism to compress such bias during training,
so that it is retained in model parameters and does
not require invoking LL.Ms at inference.

Effective compression requires representations
that are both (i) structure-preserving, capturing
global distributional regularities, and (ii) instance-
aware, allowing node-level adjustment. This mo-
tivates a hierarchical design that integrates global
bias injection with local refinement.
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4.3 Hierarchical Proxy-Purifier Module

Projection into the LLM embedding space im-
proves graph representations at both global and in-
stance levels. Based on this observation, we intro-
duce a hierarchical Proxy-Purifier module.

Proxy: Global Inductive Bias Projection. The
proxy module g4(-) projects GNN embeddings
into the LLM embedding space:

pi = 9s(zi), Pi € R*%, 2)

where z; € R% denotes the graph representation
of node v;.

The proxy injects coarse-grained inductive bias

by leveraging the geometry of the LLM embed-
ding space to compress global structural regular-
ities into graph representations.
Purifier: Instance-level Refinement. While the
proxy captures global structure, it may not fully
account for node-specific graph context. We there-
fore introduce a purifier module h,;(-) to perform
instance-level refinement:

Pi = DPi + hy([2i; Di), 3)

where [-; -] denotes vector concatenation.

The purifier jointly conditions on the original
graph embedding z; and its proxy projection p;,
enabling fine-grained adjustment of the injected
inductive bias based on graph-specific informa-
tion. Importantly, the purifier does not rely on
text embeddings, allowing LLMs to serve solely
as training-time guidance without participating in
inference. The detailed implementation configura-
tions of the Proxy-Purifier module are provided in
Appendix C.

4.4 Training Objective

The Proxy-Purifier module is trained using a
combination of instance-level correspondence con-
straints and distribution-level regularization, both
designed to shape graph representations according
to LLM-induced inductive bias.

Instance-level Alignment Constraint. We im-
pose an instance-level constraint between the re-
fined embedding p; and the corresponding text em-
bedding t; using a mean squared error objective:

1 2
ﬁinst = 72“1)1'_1—’1'”27 (4)
Al £

€A
where A denotes the node set used for alignment.
This loss guides representation compression
during training, without enforcing instance-wise

matching at inference time.

Table 2: Dataset statistics.

Dataset #Nodes #Edges  #Classes d
Cora 2,708 5,429 7 3.9
Citeseer 3,312 4,732 6 2.7
PubMed 19,717 44,338 3 4.5
WikiCS 11,701 216,123 10 36.9
arXiv 169,343 1,166,243 40 13.8

Distribution-level Structure Regularization.
To further preserve the global statistical structure
of the LLM embedding space, we regularize the
first- and second-order moments of the aligned
representations, encouraging graph represen-
tations to internalize the distributional priors
encoded in LLM embeddings. Specifically, we ap-
proximate the distributions of {p;} and {t;} with
diagonal Gaussian distributions and minimize
their KL divergence:

RkL = DxL (N (pp, 07) || N(pi,07)). (5)
The final alignment objective is:

Latign = Linst + AKLRKL, (6)
which jointly enforces local correspondence and
global distributional structure.

4.5 Two-stage Optimization

We adopt a two-stage training strategy to decouple
knowledge compression from task supervision.
Stage 1: Knowledge Compression. In the first
stage, we optimize the Proxy-Purifier module us-
ing L,jign. LLM-derived embeddings are used
only in this stage to guide the compression and in-
ternalization of LLM-induced inductive bias. The
GNN encoder may be fixed or jointly optimized,
depending on the setting.

Stage 2: Task-specific Supervision. In the sec-
ond stage, the alignment module is frozen, and a
lightweight task-specific head is trained using a
standard supervised loss:

Etask = E(Q, y) (7)

This stage trains a task head on the compressed
representations to assess their effectiveness, with-
out further modifying the alignment modules.

4.6 Inference

At inference time, the proposed method operates
without reliance on LLMs. Given a graph G =
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Table 3: Node classification results (Accuracy (%), Macro-F1 (%), and test-time latency (ms)) on five TAG datasets.
Latency is measured on the test split under the same hardware and batch setting.

Method Cora Citeseer PubMed WikiCS arXiv
Acct FI7 Time] Acct FIfT Timel AcctT FI71 Time]| Acct FIT Time | Acct FI17 Time |
GCN 86.86 8508 155 7644 7283 18 8956 89.05 2.1 85.14 8374 322 5929 2519 80l
GAT 86.4 84.41 22 7438 710 238 8728 8645 263 854 8493 379 6056 26.64 10.1
GraphSAGE 8676 8583 12 7375 7163 118 9057 9035 114 8565 842 125 6068 266 12
GIN 8382 81.65 123 7219 706 12 8819 8768 117 8403 8312 143 4351 805 1.22
DIFFormer 7442 7346 4417  58.11 5467 6102 7466 7457 18644 7556 6535 10337 4608 1347  1394.66
CoBFormer ~ 71.62 69.86  21.95 5842 5405 4826 4896 4638 13322 7087 67.55 112.86 5607 2038 97181
PATTON 61.63 5834 10291.32 5893 5598 9897.28 83.17 81.66 2191840 62.88 59.69 59319.62 34.1 25.67 129385.03
ENGINE 8851 87.14 197.56 7824 7284 17574 9128 90.96 50498 839 8269 284949 73.84 5391 843635
LOGIN 709 6727 717 5972 5159 749 7898 7833 1234 683 5223 2189 5395 2535  54.00
TAPE 7993 7789 700 6033 57.72 648 6891 6523 1175  68.03 5421 3513 7251 5155 13239
OFA 80.56 7877 305196 7046 66.85 2850.14 77.46 77.58 1539047 79.43 77.11 1738876 7478 59.38 166599.63
LinguGKD  77.18 76.12 21694 6723 64.18 107899 7041 3555 137246 7124 3825 1902.64 69.83 3421 10083.79
GraphAdapter 75.82 73.62 11837 69.80 6695 10458 7250 73.15 18695 7571 7198 201.67 70.89 48.07 324841
GraphGPT 44.18 40.62 18647 2894 2217 17326 6691 65.68 24835 5584 4137 26148 6048 3792  918.64
Ours 94.89 9422 196 8284 8099 197 9138 9116 23 87.25 8556 347 7516 5684 823
(V, E), node representations are computed as: Table 4: Ablation study on key components of the pro-
posed framework (Macro-F1 (%)).
Z; = fG(X7E)i>
. Variant Cora Citeseer PubMed WikiCS arXiv
Pi = 9g(2i), ®) wio Compression 8934 67.89  89.12 8274  27.06
C— A A Proxy Only 93.44 78.58 90.86 84.62 45.65
bi pz+h¢([z“pl])‘ Proxy + Purifier ~ 93.96  80.41 91.03 853  56.42
Proxy + KL 9389  78.94 90.97 84.16 5228
The resulting representations {p;} are fed into Full Model 9422 8099 9116 8556 56.84

downstream task heads. Inference cost is domi-
nated by the GNN encoder, with only lightweight
overhead from the proxy and purifier.

5 Experiments
5.1 Experimental Setup

We conduct experiments on multiple benchmarks
to evaluate effectiveness, robustness, and infer-
ence efficiency.

Datasets. We evaluate our method on widely
used real-world text-attributed graph datasets for
node classification, including Cora and Citeseer
(Sen et al., 2008), PubMed (Namata et al., 2012),
WikiCS (Mernyei and Cangea, 2020), and ogbn-
arXiv (Hu et al., 2020). These datasets cover di-
verse scales and graph characteristics. Dataset
statistics are summarized in Table 2. We further
report results on two additional non-citation TAG
benchmarks in Appendix E. These additional eval-
uations extend our study to broader TAG scenarios
and provide a more comprehensive assessment of

generalization.
Baselines. We compare our method with two

categories of baselines. GNN baselines include
GCN (Kipf and Welling, 2017), GAT (Velickovic
etal., 2018), GraphSAGE (Hamilton et al., 2017b),
GIN (Xu et al., 2019), DIFFormer (Wu et al.,
2023), and CoBFormer (Xing et al., 2024). LLM-
GNN methods include PATTON (Jin et al., 2023),
ENGINE (Zhu et al., 2024), LOGIN (Qiao et al.,

Table 5: Compatibility with different GNN backbones
(Macro-F1 (%)).

Backbone Cora Citeseer PubMed WikiCS arXiv
SAGE w/o Compression  85.83  71.63 90.35 84.2 26.6

SAGE w/ Compression ~ 92.64  80.16 91.02 8539 5541
GAT w/o Compression  84.41 71.0 86.45 84.93  26.64
GAT w/ Compression 89.79 80.0 87.34 8532  54.01
GIN w/o Compression 81.65 70.6 87.68 83.12 8.05

GIN w/ Compression 9331 7941 90.9 84.77  39.06
Full Model (Ours) 9422 80.99 91.16 85.56  56.84

2025), TAPE (He et al., 2024), OFA (Liu et al.,
2024), LinguGKD (Hu et al., 2025), GraphGPT
(Tang et al., 2024), and GraphAdapter (Huang
et al., 2024). All baselines are treated as black-
boxes and use the same downstream prediction
head to ensure fair comparison.
Hyperparameters and Implementation Details.
Hyperparameters are selected on the validation
split, and results are averaged over multiple ran-
dom seeds. Details are provided in Appendix C.
Evaluation Metrics. We report Accuracy and
Macro-F1. Inference efficiency is measured by the
average test-time latency under the same hardware
and batch setting for all methods.

5.2 Main Results: Performance and
Inference Efficiency

Table 3 reports Accuracy, Macro-F1, and test-time
latency on five TAG benchmarks.
Our method achieves an average Macro-F1 of
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Figure 6: Robustness to feature noise. Test-set performance under increasing levels of feature noise across five
benchmark datasets (Cora, Citeseer, PubMed, WikiCS, and arXiv).
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Figure 7: Robustness to structural perturbations. Test-set performance under increasing levels of edge deletion
across five benchmark datasets (Cora, Citeseer, PubMed, WikiCS, and arXiv).

81.8% across all datasets. Compared to standard
GNN baselines, this corresponds to an average
improvement of about 9.6% in Macro-F1, and it
also outperforms the strongest LLM-GNN base-
line by approximately 3.1% on average. Impor-
tantly, these gains are obtained with inference la-
tency comparable to conventional GNNs and sev-
eral orders of magnitude lower than LLM-based
methods, confirming the effectiveness of training-
time LLM knowledge compression.

5.3 Ablation Studies

We ablate key components of the framework, fo-
cusing on the proxy projection, purifier refinement,
and distribution-level regularization.

5.3.1 Effect of Compression Components

Table 4 reports the effect of progressively en-
abling key components. Adding the proxy im-
proves F1 by an average of 7.4%, reflecting effec-
tive LLM knowledge internalization. Adding the
purifier brings a further average gain of 2.8%, in-
dicating improved instance-level refinement. The
full model performs best, supporting the com-
plementary roles of projection, refinement, and
distribution-level regularization.

5.3.2 KL-based Distribution Regularization

Table 4 compares variants with and without KL
regularization. KL improves performance by an
average of 1.4% across datasets, highlighting the
role of preserving global distributional structure
during compression. We further compare KL with
alternative matching losses in Appendix D.

5.4 Robustness Analysis

We evaluate robustness under both feature pertur-
bations and structural perturbations.

Feature Noise. We first evaluate robustness un-
der increasing test-time feature noise. As shown in
Figure 6, baseline GNNs degrade rapidly as noise
increases, while our method degrades more grad-
ually across datasets. These results suggest that
representations learned through LLM-guided com-
pression are generally more robust to feature per-
turbations and can better preserve predictive per-
formance under noisy conditions.

Structure Perturbations. We further evaluate
robustness to structural perturbations by progres-
sively deleting a fraction of edges at test time. As
shown in Figure 7, our method remains consis-
tently more stable than standard GNN baselines
across all five datasets, exhibiting consistently
smaller performance drops as the edge deletion ra-
tio increases. These results indicate that the pro-
posed compression framework improves not only
robustness to feature noise but also resilience to
structural perturbations in the input graph.

5.5 Compatibility across GNN Backbones

To test whether the framework depends on a spe-
cific GNN architecture, we apply it to multiple
backbones. Table 5 shows consistent improve-
ments across GNN encoders, indicating that the
method is backbone-agnostic.

5.6 Hyperparameter Sensitivity

We analyze sensitivity to key hyperparameters.
Figure 8 further shows low sensitivity to the KL
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regularization weight, suggesting that distribution-
level regularization provides consistent benefits
without careful tuning. Figure 9 shows stable per-
formance across a wide range of purifier depths
and hidden dimensions, indicating robustness to
purifier capacity.

By design, the proxy module is implemented as
a lightweight projection to expose graph represen-
tations to the global geometry of the LLM embed-
ding space. We find that its performance is largely
insensitive to architectural capacity, supporting the
use of a shallow proxy in practice. Additional anal-
ysis is provided in Appendix F.

6 Conclusion

In this work, we study whether LLM knowledge
can be leveraged in text-attributed graph learning
without requiring inference-time usage to LLMs.
Through an empirical analysis of interactions be-
tween GNN representations and LLM embedding
spaces, we show that even lightweight projection
induces systematic geometric and statistical reor-
ganization in graph representations. These effects
reflect distributional priors encoded by LLMs that
can be internalized during training.

Building on this observation, we propose
an inference-efficient framework that compresses
such priors into graph models, eliminating the
need for inference-time LLM access while retain-
ing useful training-time guidance. Experiments
on multiple benchmarks demonstrate consistent
performance gains with inference costs compara-
ble to standard GNNs. Overall, this work pro-
vides a principled perspective on compressing and

internalizing large-model knowledge into graph
representations, enabling effective and deployable
graph learning on TAGs.

Limitations

This work focuses on node classification on static
text-attributed graphs, and the effectiveness of
compressing LLM-induced knowledge for other
graph learning tasks or dynamic settings remains
to be explored. Although we provide additional re-
sults on broader real-world TAG benchmarks, the
present study does not yet fully characterize cross-
dataset or cross-domain transfer. Accordingly, the
extent to which the compressed LLM priors gener-
alize beyond within-dataset TAG learning remains
unclear. The effect of noisy or irrelevant text at-
tributes is also not systematically studied in the
current work. Since the framework uses text em-
beddings as training-time supervision, the quality
and relevance of these signals may influence the
overall fidelity of the compressed priors. In ad-
dition, the proposed approach relies on pretrained
LLM embeddings during training as a source of
global distributional priors, and the quality of the
compressed knowledge may vary with the choice
of language model and the relevance of textual at-
tributes to the underlying graph structure. Finally,
although inference is fully LLM-free and efficient,
the training stage introduces additional computa-
tion for knowledge compression, which may re-
quire further optimization when scaling to very
large graphs.
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A Additional Representation Analysis

To examine whether the geometric effects ob-
served in Section 3 extend beyond the Cora
dataset, we provide additional representation anal-
yses on Citeseer and PubMed. Following the same
analysis protocol adopted in Section 3.1, we in-
vestigate the distributional geometry of node rep-
resentations using label-free embedding diagnos-
tics, including principal component projections
and multi-directional projection statistics.

Figure 10 and Figure 11 summarize the analy-
sis results on Citeseer and PubMed, respectively.
Each figure consists of two subfigures: (a) pro-
jection density distributions along the principal di-
rections, and (b) multi-directional projection statis-
tics. Across both datasets, RAW GNN representa-
tions exhibit pronounced anisotropy, with variance
highly concentrated along a small number of dom-
inant directions. This behavior is reflected by el-
evated PC1 explained variance ratios (EVR) and
sparse activation patterns in the principal compo-
nent space. In contrast, aligned representations
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Figure 10: Representation space analysis on the Cite-
seer dataset. (a) PC1 density of node embeddings with
explained variance ratio (EVR). (b) Density patterns
under LLM-induced PCA coordinates.

(PROJ) display a more balanced variance distri-
bution and substantially reduced directional dom-
inance, resulting in a geometry that more closely
resembles that of LLM embeddings.

The projection density profiles and multi-
directional projection heatmaps further reveal this
consistent trend. While RAW representations tend
to show fragmented and uneven projection pat-
terns, PROJ representations exhibit smoother and
more coherent structures, with significantly re-
duced extreme directional concentrations. These
observations closely mirror the results obtained on
the Cora dataset in Section 3.1, indicating that the
geometric reorganization induced by interaction
with the LLM embedding space is not specific to a
single dataset, but persists across multiple bench-
mark graph datasets.

Taken together, the results presented in this
appendix further verify that interaction with the
LLM embedding space systematically reshapes
the global geometry of graph representations in
a consistent and task-agnostic manner. By sup-
pressing spurious dominant directions, the aligned
representations effectively internalize the distribu-
tional priors encoded in LLM embeddings.

B Analysis Setup and Evaluation
Protocols

This appendix details the experimental setup and
evaluation protocols used in the task-level analy-
ses presented in Section 3, including diagnostic
linear probing, decision margin analysis, and ro-
bustness evaluation under feature perturbations.

Diagnostic PROJ Setup. In Section 3, PROJ
refers to diagnostic representations obtained by
mapping GNN embeddings from a pretrained and
frozen GNN encoder into the LLM embedding
space using a linear projector. The projector is
trained for 200 epochs using Adam with a learn-
ing rate of 1073, weight decay of 5 x 107, and
a batch size of 128, with a cosine-regression ob-
jective. After training, the projector is kept fixed
throughout all analyses.

Frozen Representations and Linear Probes.
All task-level analyses are conducted on frozen
node representations. Specifically, the pretrained
GNN encoder and the alignment projector are kept
fixed, and only lightweight linear classifiers are
trained on top of the resulting embeddings. Due to
dimensional differences between RAW GNN and
PROJ representations, separate linear probes are
trained for each representation space. All probes
share the same architecture and training configura-
tion, differing only in input size.

Each linear probe consists of a single fully con-
nected layer mapping node embeddings to class
logits. Probes are trained using cross-entropy loss,
with the GNN encoder and projector fully frozen
throughout. Unless otherwise stated, all probes are
trained for 100 epochs using the Adam optimizer
with a learning rate of 103, No additional regular-
ization or architectural modifications are applied.

Training and Evaluation Splits. Linear probes
are trained on the training split and selected based
on validation performance, while all reported task-
level analyses, including decision margin and ro-
bustness evaluations, are conducted on the test
split. This protocol ensures that all diagnostic mea-
surements reflect generalization behavior rather
than training dynamics.

Decision Margin Definition. Decision margin
is defined at the logit level for multi-class classi-
fication. For a node i with true label y; and pre-
dicted logits z; € R, the margin is computed as:

i = iy — AKX ks ©
where z; ,, denotes the logit corresponding to the
ground-truth class. A larger margin indicates a
more confident and stable decision, while negative
margins correspond to incorrect predictions made
with high confidence. All margin statistics in Sec-
tion 3.2 are computed on the test set.
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Figure 11: Representation space analysis on the
PubMed dataset. (a) PC1 density of node embeddings
with explained variance ratio (EVR). (b) Density pat-
terns under LLM-induced PCA coordinates.

Robustness under Feature Perturbations. To
assess robustness, we evaluate trained linear
probes under additive noise applied directly to the
input node features. Specifically, Gaussian noise
is added to node features before they are passed
through the frozen GNN encoder and projector.
For a given noise level o, perturbations are sam-
pled as € ~ N(0,02I), scaled relative to the em-
pirical feature variance.

For each noise level, performance is evaluated
on the test split using classification accuracy and
macro-F1 score. All robustness results are aver-
aged over 10 independent noise realizations to re-
duce variance. Importantly, all robustness analy-
ses are performed post hoc and do not affect model
training or parameter optimization.

Analysis Independence from Training. All
analyses reported in Section 3 are conducted after
model training and do not influence the optimiza-
tion of either the GNN encoder or the alignment
module. This design ensures that the observed ef-
fects reflect intrinsic properties of the learned rep-
resentations rather than artifacts of task bias.

C Hyperparameter and Training Details

This appendix summarizes the key training config-
urations used in the experiments. We report the
essential hyperparameters that affect optimization
behavior, together with the implementation details
most relevant to reproducibility.

GNN Backbone. Node representations are ex-
tracted using pretrained GNN encoders. For each
dataset, the GNN backbone is trained in advance
on the corresponding node classification task us-

ing the same dataset, and the resulting checkpoint
is reused in all subsequent experiments. During all
alignment and downstream stages, the GNN back-
bone remains frozen.

Compression Modules. The proposed compres-
sion framework consists of a proxy module and
a purifier operating in the LLM embedding space.
In our main experiments, the proxy is imple-
mented as a linear projection from the GNN em-
bedding space to the text-embedding dimension
ds, serving to inject coarse-grained inductive bias
from the global geometry of the LLM embed-
ding space. The purifier is implemented as a two-
layer MLP with ReLU activation, hidden dimen-
sion 512, and dropout 0.1. Taking the concate-
nated representation [z;; p;] as input, it performs
fine-grained instance-level adjustment of the pro-
jected representations through residual refinement,
where the residual term is scaled element-wise by
a learnable vector before being added to p;. Un-
less otherwise stated, no additional normalization
is used inside the proxy or purifier.

Regularization Weights. Unless otherwise
stated, the weight of the KL-based distribution
regularization is fixed to 10~ throughout.

Two-stage Training Schedule. All experiments
follow a two-stage training procedure. In Stage 1,
the GNN backbone is frozen and the alignment
modules are optimized using LLM embeddings as
supervision via mean squared error (MSE) loss.
Stage 1 is trained for 200 epochs with a learning
rate of 10™4.

In Stage 2, all representation modules are frozen
and a lightweight classification head is trained us-
ing standard cross-entropy loss. Stage 2 is trained
for 300 epochs with a learning rate of 5 x 1074,
Unless otherwise noted, the classification head
takes the aligned representations as input.

Randomness and Reproducibility. All experi-
ments are conducted with fixed random seeds. Un-
less otherwise stated, results reported in the main
text are averaged over multiple runs with different
random seeds for each configuration.

D Distribution-Level Regularization

D.1 KL-Based Distribution Regularization

To preserve global structural characteristics of the
LLM embedding space during projection-based
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Table 6: Comparison of different distribution-level reg-
ularization methods (Macro-F1 (%)).

Method Cora Citeseer PubMed WikiCS arXiv
KL divergence 94.22  80.99 91.16 85.56  56.84
L2-MM 94.01 80.41 91.08 85.30 55.42
MMD 93.76 80.54 91.01 85.33 55.36

compression, we introduce a distribution-level reg-
ularization term based on Kullback-Leibler (KL)
divergence. Rather than enforcing instance-level
correspondence, this regularizer encourages the
aligned graph representations to preserve the over-
all distributional statistics of LLM embeddings.

Let {p;} denote the aligned representations pro-
duced by the proxy-purifier module, and let {t;}
denote the corresponding LLM embeddings. For
a given alignment pool S, we approximate both
sets of representations with diagonal Gaussian dis-
tributions by estimating their empirical first- and
second-order moments:

1
g = E sz» 03 = Varies(pi),
i€S

(10)

and analogously p, o7 for the LLM embeddings.

Under this approximation, the KL divergence
from the graph-induced distribution to the LLM
distribution is computed as:

1 0ta  0na+ (figd — pra)’
Lk1, = = log =% + & ’ LA |
2%( Usyd atz’d
(11)

where d indexes feature dimensions and a small
constant is added to variances for numerical safety.
The KL regularization term is applied only dur-
ing Stage 1 alignment and is combined with the
representation-level alignment loss using a fixed
weighting factor. During Stage 2 downstream
training, the alignment module is frozen and no
distribution-level regularization is applied. This
design ensures that the regularizer shapes the
global geometry of the learned representations
without interfering with task optimization.

D.2 Comparison with Alternative
Distribution Matching

We further examine whether alternative distribu-
tion matching strategies can serve as effective sub-
stitutes for KL-based regularization. In addition to
KL divergence, we consider two commonly used
alternatives: (i) L2 moment matching (L2-MM),
which penalizes discrepancies between empirical

Table 7: Node classification results (Accuracy (%),
Macro-F1 (%), and test-time latency (ms)) on two ad-
ditional TAG datasets. Latency is measured on the test
split under the same hardware and batch setting.

Method Instagram Reddit

AcctT Fl11 Time| Acct FI17T Time |
GCN 62.20 48.13 2.97 64.92 65.81 5.06
GAT 59.74 39.15 4.08 65.49 65.84 7.12
GraphSAGE  60.70  50.55 19.76 65.82 61.55 40.46
GIN 64.32  44.29 21.70 6690 66.34  42.04
DIFFormer  60.35 44.02 156.07 59.88 63.59  400.03
CoBFormer  59.58 4223 15037 60.77 61.64 31341
PATTON 51.24 4934 2623776 49.27 46.64 79677.35
ENGINE 68.22 54.69 1121.40 64.68 64.66 2719.73
LOGIN 67.56 50.23 11.56 62.81 62.74 1591
TAPE 64.78 43.94 15.59 62.11 61.97 34.35
OFA 6127 56.13 1272126 6525 6523 27393.25
LinguGKD  63.94 47.03 1846.52 64.58 61.08 5127.84
Ours 67.70 57.34 3.31 68.33  68.06 5.26

Table 8: Sensitivity to proxy depth (Macro-F1 (%),
proxy hidden dimension fixed to 2048).

Proxy Layers Cora Citeseer PubMed WikiCS arXiv
I (default)  94.22  80.99 91.16 85.56  56.84
2 94.04  80.07 91.08 85.21  56.60

3 94.02  80.54 91.11 85.55 5497

means and variances, and (ii) maximum mean dis-
crepancy (MMD), which measures distributional
differences via kernel-based distance metrics.

All alternatives are evaluated under identical ex-
perimental settings. Specifically, we fix the same
GNN backbone, proxy-purifier module, training
protocol, and optimization configuration, and only
replace the distribution-level regularization term.
This controlled comparison isolates the effect of
the regularizer choice itself.

Table 6 reports the results of these replace-
ment experiments. While both L2 moment match-
ing and MMD occasionally yield performance
improvements, their effects are less consistent
across datasets and tasks. In contrast, KI.-based
regularization leads to more stable and reliable
gains, particularly in terms of macro-F1 score and
robustness-related metrics.

These results suggest that KL divergence pro-
vides a more effective inductive bias for com-
pressing and preserving global distributional struc-
ture. Compared to simpler moment matching,
KL explicitly accounts for both variance scaling
and mean shifts in a principled probabilistic form,
while avoiding sensitivity to kernel choices inher-
ent to MMD. Based on these observations, we
adopt KL divergence as the default distribution-
level regularizer throughout this work.
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Table 9: Training-time memory consumption (MB) and per-epoch training time (s), on five TAG datasets, measured

under the same hardware setting.

Cora Citeseer PubMed WikiCS arXiv

Method

Memory Time Memory Time Memory Time Memory Time Memory Time
GCN 412 3.8 420 6.2 622 14.7 1062 10.6 2714 123
GAT 432 4.38 440 6.66 808 15.5 1716 11.2 5290 124
GraphSAGE 482 3.84 600 6.56 706 14.94 1376 9.99 1770 118
GIN 488 3.9 616 6.06 674 14.83 1374 10.26 1770 120.6
DIFFormer 406 12.68 444 15.6 720 35.2 572 33 2862 277
CoBFormer 438 10.94 550 13.23 912 24.36 786 2698 18030  221.31
Ours 1875 8.8 1987 8.6 5385 22.6 3961 253 38068 146.1

E Additional Results on More Diverse
TAG Benchmarks

To complement the five benchmark datasets re-
ported in the main text, we further evaluate the pro-
posed framework on two additional TAG bench-
marks, namely Instagram and Reddit. These addi-
tional results extend the evaluation to broader TAG
scenarios and provide a more comprehensive as-
sessment of generalization.

Table 7 reports Accuracy, Macro-F1, and test-
time latency on these two datasets. Overall, the
proposed method remains highly competitive on
both benchmarks. On Instagram, although EN-
GINE achieves the highest accuracy, our method
obtains the best Macro-F1 while maintaining infer-
ence latency close to standard GNNs and substan-
tially lower than LLM-dependent methods. On
Reddit, our method achieves the best accuracy
and Macro-F1, further supporting the effective-
ness of training-time LLM knowledge compres-
sion beyond the benchmarks used in the main text.

F Additional Hyperparameter
Sensitivity

The proxy module is designed as a lightweight pro-
jection from GNN representations into the LLM
embedding space. To examine whether its ef-
fectiveness depends on architectural capacity, we
vary the depth of the proxy while fixing its hidden
dimensionality to 2048, keeping all other compo-
nents and training settings identical.

As shown in Table 8, performance remains
largely stable across different proxy depths on all
datasets. This suggests that the proxy primar-
ily serves to expose graph representations to the
global geometry of the LLM embedding space,
rather than to perform complex nonlinear transfor-
mations. These results support the use of a shallow
proxy in practice and validate the lightweight de-
sign adopted in the main experiments.

G Training Overhead Discussion

Although the proposed framework introduces ad-
ditional alignment components during training, its
overall computational overhead remains moderate
and comparable to standard GNN baselines. In
this section, we analyze the training-time mem-
ory consumption and per-epoch training cost of
our method, and compare them with representative
GNN architectures.

Our approach leverages pretrained LLM embed-
dings only as fixed supervision signals in the align-
ment stage. During training, a lightweight pro-
jection layer together with a shallow MLP-based
purifier is optimized, while no language model in-
ference or parameter updates are involved. Con-
sequently, the additional training overhead mainly
arises from storing the fixed LLM embeddings and
optimizing small feed-forward modules, rather
than from increased model depth or complex itera-
tive procedures.

Table 9 reports the peak GPU memory usage
and per-epoch training time on five benchmark
datasets. Compared with standard GNN baselines,
our method exhibits a higher memory footprint,
which can be primarily attributed to the storage
of LLM embeddings used for alignment. Never-
theless, the memory consumption remains within
a manageable range and scales consistently with
dataset size, preserving the same order of magni-
tude as GNN-only training.

In terms of training efficiency, the proposed
framework achieves per-epoch runtimes that are
largely comparable to those of conventional GNN
models across all datasets. This is because the in-
troduced alignment modules are lightweight, and
their computational cost is negligible relative to
the message passing and aggregation operations
in the backbone GNN. As a result, the additional
objectives do not substantially increase the overall
training time.
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Overall, these results demonstrate that the pro-
posed knowledge compression framework intro-
duces only moderate training overhead. By con-
fining the use of LLM information to a lightweight
alignment mechanism, our method maintains train-
ing efficiency close to standard GNN baselines
while enabling effective incorporation of LLM-
induced inductive bias.

30318



