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Abstract

With the increasing scale and complexity of graph data,
node attributes are also becoming richer and more complex,
particularly in the form of informative text. Classic GNNs
equipped with shallow attribute encoders are no longer suffi-
cient to handle such data independently, making model col-
laboration across heterogeneous architectures an inevitable
trend. Recently, the integration of Large Language Models
(LLMs) and GNNs has attracted significant attention, yet
the inherent disparity between these models remains a key
challenge. Promising solutions have considered fine-tuning
Small Language Models (SLMs) to bridge the gap between
GNNs and frozen LLMs. However, this introduces another
problem: these heterogeneous models bring complementary
knowledge, but how to effectively integrate them and al-
low mutual refinement becomes a significant research gap.
To address these challenges, we introduce COLA, a col-
laborative large–small model framework that enables seam-
less cooperation among semantic LLMs, task-specific fine-
tuned SLMs, and structure-aware GNNs. COLA features
a unique Consensus–Complement Coordination Mechanism
(C3M), wherein its Mixture-of-Coordinators (MoC) architec-
turally aligns the LLM and SLM. Built upon this, a flexi-
ble graph-knowledge infusion strategy encourages the joint
alignment and graph knowledge learning of textual repre-
sentations. Extensive evaluations across nine diverse datasets
show that COLA consistently achieves state-of-the-art per-
formance, validating the effectiveness and generality of our
collaborative paradigm.

Introduction
Recent years have witnessed rapid growth in the scale, di-
versity, and complexity of graph-structured data (Wu et al.
2020; Li et al. 2023; Wen et al. 2023). To effectively capture
the underlying patterns in graphs, a plethora of advanced
graph learning paradigms have been continuously devel-
oped (Wu, Zhang, and Fan 2023; Tu et al. 2024; Wang et al.
2024; Fan 2025). One of the most important trend is the en-
richment of node attributes (Liu et al. 2022; Chen et al. 2023;
Yang et al. 2024). Driven by advances in multimedia and
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Figure 1: Illustration of the transition from independent
models and knowledge sources model collaboration.

natural language processing (Li et al. 2022; Lu et al. 2025),
modern attributed graphs feature rich node attributes such as
evolving features, multi-modal information and long-form
text (Wu et al. 2023; Fang et al. 2025a; Chen et al. 2025).
Textual attributes are pervasive in real-world applications,
including citation networks (Yang, Cohen, and Salakhudi-
nov 2016; Wang et al.) that interlink millions of scholarly
articles, social networks (Cai et al. 2025; Zhuo et al. 2025)
that relate billions of users and posts, and e-commerce net-
works (Wang et al. 2019) that connect products with rich
descriptions and co-purchase patterns. Consequently, Text-
Attributed Graphs (TAGs) have emerged as a central topic
in modern graph learning (Yan et al. 2023). The surge of
TAGs, however, has exposed a widening gap: while Graph
Neural Networks (GNNs) excel at capturing structural pat-
terns, they are built upon the assumption that node attributes
are compact and weakly informative (Yu et al. 2024; Wang
et al. 2025; Zhuang et al. 2025). Traditionally, classic GNNs
rely on shallow text encoders like word2vec (Mikolov et al.
2013), which lack contextual understanding. This has fueled
growing concern about GNNs’ ability to fully exploit rich
texts in modern graphs, highlighting the increasing neces-
sity of collaborative modeling across different architectures.

The field of Large Language Models (LLMs) has un-
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Figure 2: Overview of the proposed collaborative large-small model (COLA) framework.

dergone remarkable advancements in recent years (Achiam
et al. 2023; Bai et al. 2023). By leveraging vast corpora and
billions of parameters, these models excel at capturing con-
textual information and comprehensive semantics, perform-
ing zero-shot reasoning, and transferring across domains
without explicit supervision (Naveed et al. 2023). Driven
by these strengths, a growing line of work has sought to
leverage LLMs for TAG learning tasks (Liu et al. 2025).
Despite these outstanding advantages of LLMs, some fun-
damental obstacles remain. LLMs operate on sequential to-
kens and do not possess inductive bias for graph encoding.
Consequently, they are natively graph-blind and lack the ef-
ficient mechanism to directly exploit topology (Huang et al.
2024). A few studies, like graph-oriented instruction tun-
ing (Tang et al. 2024), have been devoted to solving this,
but the significant training costs are the main bottleneck.
When kept frozen, LLMs receive no task-specific gradient
and are constrained by limited context windows that prevent
them from observing the full textual neighborhood, thereby
failing to discern domain-specific feature distributions (Wu
et al. 2025a). Attempted remedies mainly focus on integrat-
ing LLMs with GNNs (Chen et al. 2024; Zhu et al. 2024), re-
garded by some research as graph-aware parameter-efficient
fine-tuning. This pipeline is quite efficient and partially
bridges the gap. However, the disparity between LLMs and
GNNs remains substantial because they operate with funda-
mentally different mechanisms and possess distinct knowl-
edge (Huang et al. 2024). Specifically, LLMs encode rich
semantic knowledge, whereas GNNs hold task-specific and
graph knowledge. Existing architectures still entangle the
two via rigid and coarse-grained coupling, so that their com-
plementary knowledge is merely juxtaposed rather than mu-
tually refined, leaving their joint potential largely untapped.

Pre-trained Small Language Models (SLMs), e.g., the
BERT family (Devlin et al. 2019), retain considerable se-
mantic knowledge and strong text-encoding capacity, yet
have been overshadowed by LLMs. Interestingly, recent
trends have revived these smaller models by repurposing

them as lightweight tuners for LLMs: fully fine-tuning them
in downstream tasks injects domain-specific knowledge at
a far lower cost than LLMs (Zhao et al. 2023). This resur-
gence is beginning to influence graph learning. Represen-
tative work such as TAPE (He et al. 2024) employs SLMs
to get domain knowledge and complement LLMs, acting
as a bridge between LLMs and GNNs. Intuitively, this ap-
proach is simple and reasonable, and the existing pipeline
has achieved some empirical success, but this ignores two
deeper needs. First, the LMs and GNNs should not just co-
exist but mutually refine via fine-grained interactions. Sec-
ond, SLM and LLM must share the same latent space to
avoid noisy misalignment. Therefore, existing methods are
not able to fundamentally handle the complex dynamics be-
tween these models, ultimately suffering from knowledge
fracture. Consequently, the central problem arises: Can we
devise a fine-grained model collaboration paradigm that
unifies heterogeneous models and bridges this gap?

This paper introduces COLA, a COllaborative LArge-
small model framework for graph learning that orchestrates
three complementary model types and unifies multi-view
knowledge: semantic LLMs, task-aware fine-tuned SLMs,
and structure-aware GNNs. At its core, COLA leverages
a carefully designed Consensus-Complement Coordination
Mechanism (C3M) to serve as a bridge between different
sources of knowledge, rather than a direct coupling of large
and small models. C3M consists of two main components.
From the architectural lens, we introduce the Mixture of Co-
ordinators (MoC), which combines a set of lightweight co-
ordinators with a router. These components are shared be-
tween LLMs and SLMs. MoC adopts a divide-and-conquer
strategy, selecting the most suitable combination of coordi-
nators for each model and projecting the two types of em-
beddings into a unified space. This design models both con-
sensus and complementary knowledge through overlapping
and distinct coordinators. In terms of optimization, the em-
beddings from both models are projected onto a hypersphere
and aligned through the joint regularization of a graph in-
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Figure 3: Accuracy on the Cora dataset versus training-label
ratio for five encoder baselines (left); Accuracy of three
baselines on Cora as a function of the LLM layer whose
hidden state is exposed to the classifier (right).

fusion loss and a balancing loss, allowing the effective in-
tegration and harmonious interaction of all three types of
knowledge. For language models, MoC operates on their
multi-layer hidden states, fully leveraging the hierarchical
semantic knowledge of the LMs and ensuring proper align-
ment with small models. Figure 1 illustrates the motivation
of moving from independent models and knowledge to uni-
fying multi-view knowledge via model collaboration. Fig-
ure 2 presents the overall workflow of the proposed COLA.
Our main contributions are as follows:
• We provide a deeper examination of the interplay

among LLMs, SLMs, and GNNs, identify the limita-
tions of existing approaches, and outline a new model-
collaboration-based graph-learning pipeline.

• We propose a principled yet novel large-small model col-
laboration framework that effectively unifies semantic,
task-specific, and graph knowledge.

• COLA achieves consistent state-of-the-art performance
across eight datasets spanning four distinct domains, em-
pirically validating the efficacy of our paradigm.

Related Work
Recent advances in LLMs have sparked growing interest in
their integration into TAG learning, owing to their strong
contextual semantics and reasoning abilities (Jin et al. 2024).
However, LLMs inherently process sequential tokens with-
out graph-aware inductive biases, limiting their ability in
graph learning, even if the neighborhood is explicitly pro-
vided (Huang et al. 2024). Prior studies have explored multi-
ple ways, including leveraging LLMs as node encoders, ex-
plainers, and predictors (Wu et al. 2025a). Encoder-based
methods outperform traditional shallow encoders (Zhu et al.
2024). Explainer methods utilize LLMs’ generative capabil-
ities to enhance node attributes (He et al. 2024). Predictor
methods integrate graphs into LLMs via instruction tuning
but exhibit inconsistent performance without abundant su-
pervision (Chen et al. 2024; Tang et al. 2024). Recently,
hybrid frameworks combine smaller language models (e.g.,
BERT) with LLMs and GNNs, improving empirical out-
comes but still facing semantic mismatches and coarse-
grained interactions (He et al. 2024; Fang et al. 2025b).

A
cc

u
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cy

LLM + GNN

LLM + SLM* + GNN

COLA

Figure 4: Accuracy of three baselines integrating GNN and
LMs on five datasets.

Thus, a tailored collaborative paradigm to harmonize se-
mantic, task-specific, and graph knowledge remains an open
challenge.

Methodology
Notations
In this work, we mainly focus on the undirected textual
graph, denoted as G = (V, E , T ), where V = {v1, . . . , vn}
is the set of nodes, E ∈ V × V is the set of edges, and
T = {t1, . . . , tn} associates each node vi with a sequen-
tial text. For each node vi, its neighborhood is denoted by
N (vi) = {vj : (vi, vj) ∈ V}. A labeled subset VT ⊂ V is
provided with ground-truth labels {yi ∈ C}vi∈VT .

Motivations
Previous work has utilized SLMs to bridge the knowledge
gap between LLMs and GNNs, yet the intrinsic dynamics
of model collaboration remain underexplored. To investigate
this, we construct the following baselines: “LLM” or “SLM”
use frozen LLM/SLM alone as the encoder, followed by a
classification head; “LLM + SLM” concatenates the frozen
LLM and SLM, shares a classification head, and two embed-
dings are simply summed. “SLM*” denotes SLM fine-tuned
on node classification task. We evaluate five baselines on
Cora under different label rates, training only task heads.

Figure 3 (left) shows that the vanilla SLM performs the
worst, while SLM* and LLM each excel under different
rates. It can be observed that simply combining LLM and
SLM* yields consistent, little gains, while LLM + SLM of-
fers no benefits. This suggests Finding 1: Only a fine-tuned
SLM can benefit the LLM due to their complementary knowl-
edge, even with simple strategy.

It is important to note that all LLM-based baselines report
the best result across different LLM layers. Figure 3 (right)
further shows how baseline performance varies with the cho-
sen LLM layer at 1% label rate. Notably, LLM + SLM* is
not always better than single models and can sometimes per-
form worse. The optimal LLM layer also varies across base-
lines with no clear trend. Thus, Finding 2: SLM-LLM col-
laboration is critical but intricate, demanding fine-grained
architectures to realize potential.

Finally, we introduce GNNs to examine the dynamics
among three types of models. For a practical setup, we
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use the advanced TAPE to implement the “LLM + SLM*
+ GNN” setting and evaluate across a broader range of
datasets. As shown in Figure 4, the results are surprising:
while LLM + SLM* previously provided consistent gains,
combining them with GNNs does not yield similar results,
even with the advanced framework (TAPE). In contrast, sim-
ply using a frozen LLM as the text encoder in LLM + GNN
delivers stable results. Finding 3: Graph knowledge greatly
increases the difficulty of collaboration, and current frame-
works are still far from enabling effective model collabora-
tion and heterogeneous knowledge integration.

Encoding with Language Models
To extract rich semantics from the text associated with each
node, researchers widely adopt language models as the text
encoder. In what follows, we abstract the LLM and SLM as
MLLM

Θ and MSLM
Φ while omitting some details, e.g., which

hidden states or pooling strategies are used. As previously
analyzed, LLMs lack task-relevant knowledge; therefore, we
explicitly inject task-specific context and constraints into the
prompt pi for each text ti. The detailed templates are pro-
vided in the Appendix. To fully leverage the capabilities
of the frozen LLM and lay the groundwork for subsequent
alignment, we extract node features at every selected layer
that correspond to the generated response tokens:

xLLM
i,(l) = MLLM

Θ(l) (pi), (1)

where MLLM
Θ(l) : T → Rd

(l)
LLM denotes the first l layers of

the LLM parameterized with Θ(l) as a text encoder, and we
apply mean pooling on the hidden states to extract embed-
dings. Note that we select the last several layers of the LLM
in practice. We inject some task priors into the output em-
beddings solely via prompting, leaving all LLM parameters
frozen. Consequently, the extracted embedding carries se-
mantic knowledge and a modest amount of task knowledge.

For the SLM, we feed the text and obtain the correspond-
ing node embedding as

xSLM
i = MSLM

Φ (ti), (2)

where MSLM
Φ : T → RdSLM is the SLM with parameter set Φ.

In practice, we encode the text by adopting the hidden state
of the [CLS] token from the final layer of the SLM. As Find-
ing 1 indicates, only an SLM endowed with task knowledge
possesses the potential to collaborate with the LLM, because
this synergy arises from the interaction between task and
semantic knowledge. Compared with the LLM, the SLM
is substantially more lightweight. Compared with the large
model, MSLM

Φ is much lighter, so we can inject task-specific
knowledge via full fine-tuning. First, we define a classifi-
cation head fΨ : dSLM → d|C|, then the final prediction is
given by ŷi = fΨ(x

SLM
i ). During fine-tuning, all parameters

of the SLM encoder and the classification head are jointly
optimized:

Φ∗,Ψ∗ = argmin
Φ,Ψ

E
[
ℓCE(fΨ(MSLM

Φ (ti)), yi)
]
. (3)

where vi ∈ VT. After the full parameter fine-tuning, the
small language model MSLM

Φ∗ not only retains the textual un-
derstanding capacity, but also internalises task knowledge

that is crucial for downstream inference. After the SLM
finetuning, we now have for each node i the embeddings
{xLLM

i,(l)}
L
l=0 and xSLM∗

i generated by the LLM and finetuned
SLM. Further transformations and gating are applied to
these embeddings so that they are projected into a common-
dimensional space:

x̃LLM
i,(l) = λ(l)pW(l)

LLM
(xLLM

i,(l) ), x̃SLM
i = pWSLM(x

SLM∗

i ), (4)

where λ(l) is the gating coefficient, and pW(l)
LLM

: RdLLM → Rd

and pWSLM : RdSLM → Rd are the projectors. For conve-
nience, we collect all parameters in this process as WP.

Coordination Mechanism
In this subsection, we shift from node attribute encoding to
COLA’s core mechanism. As demonstrated by Finding 2,
the collaboration between LLM and SLM is intricate, which
is attributed to heterogeneous embedding spaces and layer-
dependent knowledge disparity. This problem can be even
more intractable when considering the graph knowledge,
which is pointed out in Finding 3. Therefore, to coordinate
these large and small models, we first elaborate on the archi-
tecture design and propose MoC:

QΥ(x̃i) =

E∑
e=1

gWR(x̃i)e hWe
C
(x̃i), (5)

where QΥ : Rd → Rd′
denotes MoC module parameterized

with Υ = WR ∪ W1
C ∪ · · · ∪ WE

C , gWR : Rd → RE is the
router, hWe

C
: Rd → Rd′

, e ∈ [E] are the coordinators.
Finding 2 shows that a simple, shared architectural mod-
ule can deliver additional gains for SLM–LLM collabora-
tion, yet the gains are limited because the shared component
is coarse to reconcile their inherent differences. Inspired by
the success of MoE in complex tasks like multimodal align-
ment (Ma et al. 2018; Zhang et al. 2025; Wu et al. 2025b),
we design a bank of coordinators and employ a router to dis-
patch each node’s embeddings to the most suitable coordi-
nator combination. The architecture itself is not new and our
novelty lies in its use for resolving misalignment in model
collaboration. The embeddings originating from SLM and
every selected layer of LLM are processed as

hSLM
i = QΥ(x̃

SLM
i ), hLLM

i,(l) = QΥ(x̃
LLM
i,(l) ). (6)

Macroscopically, MoC acts as a shared component between
LLM and SLM, projecting both into a unified space to distill
consensual knowledge. Microscopically, the LLM and SLM
can select distinct coordinator combinations, ensuring that
each preserves complementary knowledge while maximiz-
ing downstream performance.

At this point, we resolve the interaction between the LLM
and SLM at a finer architectural granularity; As Finding 3
reveals, the situation could change once we couple the sys-
tem to downstream GNNs. GNNs encode graph knowledge
via a unique inductive bias that is fundamentally different
from language models. Existing methods may overlook this
distinction and simply “hard-wire” the two language mod-
els to the GNN, while the interaction between the LLM and
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the SLM itself remains oblivious to graph knowledge. Mo-
tivated by this empirical observation, we claim that directly
attaching the LLM and SLM to the GNN constitutes a hard
injection of graph knowledge into the representations. In-
stead, we impose a graph-aware regularization during the
alignment phase, allowing the LLM and SLM to softly in-
fuse graph knowledge:

Lgraph(WP,Υ) = −E(vi,vj)∼PG(vi,vj)

[(
h̃LLM
i

)⊤
h̃SLM
j

]
,

(7)
where PG is the discrete probability distribution over the
neighborhood N (vi) induced by the graph G. Here the two
embeddings have been mapped to a unit hypersphere:

h̃LLM
i = Map

(
hLLM
i

)
, h̃SLM

i = Map
(
hSLM
i

)
, (8)

where Map : Rd′ → Sd′−1 maps the embedding from Eu-
clidean space onto hyperspherical space to eliminate magni-
tude bias that may hinder alignment between heterogeneous
embeddings. Before that, the LLM embedding is obtained
by gating fusion hLLM

i =
∑L

l=0 λ
(l)hLLM

i,(l) . Some optional
constraints can be imposed on λ(l) to enhance efficacy. To
further clarify how the regularizer infuses graph knowledge
into both LLM and SLM, we provide a theorem:
Theorem 1 (Soft Graph Knowledge Infusion). Given a text-
attributed graph G, assume the node pair (vi, vj) is drawn
from the following graph-based distribution

PG(vi, vj) = αi,j/
∑

vu∈N (vi)

αi,u, ∀vi, vj ∈ V, (9)

and assume all embeddings hi lie in a unit hypersphere, then
optimizing the following problem

minimize
H

−E(vi,vj)∼PG(vi,vj)

[
h̃⊤
i h̃j

]
,

s.t. h̃i, h̃j ∈ Sd′−1, ∀vi, vj ∈ V,
(10)

by one step gradient descent with specific step size is equal
to performing graph encoding by

h̃
(k+1)
i = αi,ih̃

(k)
i +

∑
vj∈N (vi)

αi,jh̃
(k)
j , (11)

where αi,j is the aggregation coefficient.
Some detials and proof can be found in Appendix. Theo-

rem 1 establishes that each message-passing operation of a
GNN is equivalent to a single, prescribed optimization step
applied to Problem (10). Consequently, directly attaching a
GNN implicitly enforces a fixed step size and a predeter-
mined number of iterations, which may be the root cause
of unstable performance. In contrast, incorporating this ob-
jective as Lgraph into the overall loss yields a soft, control-
lable mechanism for infusing graph knowledge. To encour-
age thorough alignment between the LLM and the SLM
while preventing embedding collapse (inspired by (Wang
and Isola 2020)), we enforce a uniform distribution of the
two sets of embeddings over the hypersphere, leading to the
following balancing loss

Lbal(WP,Υ) = logE
(vi,vj)

i.i.d∼Pdata

[(
e

(
h̃LLM

i

)⊤
h̃SLM

j /τ
)]
,

(12)

Dataset # Nodes # Edges # Cls. Type
Cora 2,708 5,429 7 Academic
Citeseer 3,186 4,277 6 Academic
Pubmed 19,717 44,338 3 Academic
WikiCS 11,701 215,863 10 Web Link
Instagram 11,339 144,010 2 Social
Reddit 33,434 198,448 2 Social
Books 41,551 358,574 12 E-Commerce
Photo 48,362 500,928 12 E-Commerce
arXiv 169,343 1,166,243 40 Academic

Table 1: Statistics of adopted benchmark datasets.

where τ is the temperature parameter that controls the con-
centration of the similarity distribution, and the node pairs
are drawn uniformly from the entire node set.

Node Classification with GNNs
Finally, the aligned representations hLLM

i and hSLM
i are fed

into a GNN classifier to produce the ultimate predictions.

Zi,: = FWGNN(H;G)i,: (13)

where Zi,: is the logits of node vi, H is the fused embedding
in which we simply adopt Hi,: = βhLLM

i + (1 − β)hSLM
i .

In effect, MoC can also be viewed as an integral component
of the GNN, thereby forming a decoupled-style GNN (Liu,
Gao, and Ji 2020). Consequently, MoC mediates among the
three parties, captures consensus from multi-view knowl-
edge, and enables the large and small models to collaborate
effectively. For the overall model training, we have the fol-
lowing losses:

Lall(WGNN,WP,Υ) = Ltask + µ(Lgraph + Lbal), (14)

where the task loss is specified as cross-entropy loss.

Experiments
We conduct extensive experiments to validate the effec-
tiveness of COLA and our claims. Specifically, we an-
swer the following research questions: RQ1: How does
COLA framework perform in comparison to the representa-
tive GNN-LLM methods? RQ2: Does C3M promote large-
small model collaboration and knowledge integration? RQ3:
How does the selection strategy for C3M hyperparameters
affect the performance of COLA?

Experimental Setting
Datasets. All evaluations are performed on a diverse col-
lection of TAG datasets, spanning multiple domains to fa-
cilitate a comprehensive analysis across real-world graphs.
We adopt the following benchmark datasets (Wu et al.
2025a): citation networks Cora, Citeseer, Pubmed, arXiv,
web, and social networks WikiCS, Instagram, Reddit, and
e-commerce network Books. All these datasets are equipped
with official texts. Detailed statistics are reported in Table 1.
Baselines. We include twelve baselines spanning three cat-
egories: the classical GNNs, i.e., GCN (Kipf and Welling
2017), GraphSAGE (SAGE) (Hamilton, Ying, and Leskovec

27014



Cora Citeseer Pubmed WikiCS Instagram Reddit Books Photo arXiv Avg.

Classical GNNs with Shallow Encoder
GCN 82.30±0.19 70.55±0.32 78.94±0.27 79.86±0.19 63.50±0.11 61.44±0.38 68.79±0.46 69.25±0.81 71.39±0.28 71.78
SAGE 82.27±0.37 69.56±0.43 77.88±0.44 79.67±0.25 63.57±0.10 56.65±0.33 72.01±0.15 78.50±0.15 71.21±0.18 72.37
GAT 81.30±0.67 69.94±0.74 78.49±0.70 80.06±0.65 63.56±0.04 60.60±1.17 74.35±0.16 80.40±0.45 71.57±0.25 73.36

Small Language Model Based
SenBERT 66.66±1.14 60.52±1.62 36.04±2.92 77.77±0.65 59.00±1.17 56.05±0.41 77.17±0.15 73.89±0.97 72.66±0.24 64.42
RoBERTa 72.24±1.16 66.68±2.03 42.32±1.56 76.81±1.04 63.52±0.44 59.27±0.34 84.62±0.16 74.79±1.13 74.12±0.24 68.26
GLEM 81.30±0.88 68.80±2.46 81.70±1.07 76.43±0.55 60.25±3.66 55.13±1.41 83.28±0.39 76.93±0.49 73.55±0.22 73.04

Large Language Model Based
GCNLLM 83.33±0.75 71.39±0.90 78.71±0.45 80.94±0.16 67.49±0.43 68.65±0.75 83.03±0.34 84.84±0.47 74.39±0.31 76.97
LLMIT 67.00±1.16 54.26±2.20 80.99±0.43 75.02±1.38 41.83±1.43 54.09±1.02 80.92±1.26 71.28±1.81 76.08 66.83
GraphGPT 64.72±1.56 64.58±1.55 70.34±2.27 75.41±2.52 62.88±2.14 58.25±0.37 81.13±1.01 77.48±0.76 75.15±0.14 69.99
LLaGA 78.94±1.16 62.61±2.09 65.91±2.09 76.47±2.20 65.84±0.72 70.10±0.38 83.47±0.77 84.44±0.49 74.49±0.23 73.59
TAPE 84.04±0.24 71.87±0.35 78.61±1.23 81.94±0.16 66.07±0.10 62.43±0.47 84.92±0.26 86.46±0.12 74.96±0.14 76.81
ENGINE 84.22±0.46 72.14±0.74 77.84±0.27 80.94±0.27 67.14±0.46 69.67±0.16 82.89±0.16 84.33±0.57 74.69±0.36 77.10
COLA 85.15±0.60 72.94±0.28 82.68±0.68 81.54±0.36 68.12±0.50 70.21±0.30 85.13±0.21 87.03±0.20 75.19±0.30 78.67

Table 2: Semi-supervised Node classification accuracy (%) of various methods across eight benchmark datasets. Results are
averaged over four runs (mean ± std). The best and second-best results per dataset are highlighted.

SLM Embedding： Class 1

LLM Embedding： Class 1

Class 2

Class 2

Class 3

Class 3

Embeddings before C3M Embeddings after C3M

LM

LLM

Embeddings after GNN

Figure 5: t-SNE visualization of node embeddings on the
Pubmed dataset in different stages of COLA.

2017) and GAT (Velickovic et al. 2018), each paired with the
shallow features from raw text and thus exploit only struc-
tural information; the small-language-model approaches
SenBERT (Reimers and Gurevych 2019), RoBERTa (Liu
et al. 2019) and GLEM (Zhao et al. 2023), where the
first two are canonical sentence-level transformers while
GLEM integrates SLMs with GNNs in a hybrid framework;
and the LLM-based methods LLMIT (an instruction-tuned
LLM (Wu et al. 2025a)), GCNLLM (a straightforward re-
placement of the text encoder with an LLM), and the state-
of-the-art GraphGPT (Tang et al. 2024), LLaGA (Chen et al.
2024), TAPE (He et al. 2024) and ENGINE (Zhu et al.
2024), which jointly leverage LLMs and GNNs—typically
treating the LLM as an encoder or predictor—and notably
TAPE simultaneously employs LLM, SLM and GNN.
Other Details. For the arXiv dataset, we adopt the official
split provided by (Kipf and Welling 2017; Wu et al. 2025a).
For all other datasets, we follow the classic semi-supervised
classification split (Hu et al. 2020). To ensure fairness, each
method that combines a GNN with an LLM or SLM uses
Mistral-7B (Jiang et al. 2023) as the LLM component, the
355 M-parameter RoBERTa (Liu et al. 2019) as the SLM

component, and GCN as the GNN component. Note that,
the preliminary experiments of Figures 3 and 4 are also
conducted under this setting. All reported means and stan-
dard deviations are computed over four independent runs.
All experiments were conducted on the NVIDIA A100 GPU
(80GB). Further details are provided in the Appendix.

Node Classification Performance (RQ1)
Table 2 reports the node classification results of COLA and
all baseline methods on nine datasets, including the large-
scale graph arXiv. We draw the following observations and
conclusions: First, GNNs equipped with static, shallow text
encoders perform significantly worse than recent methods
that integrate language models with GNNs. This suggests
that shallow text encoders may struggle to capture the com-
plex semantic information present in node texts, whereas
language models can extract richer and more contextu-
ally meaningful representations. Thus, leveraging language
models to enhance TAG learning is non-trivial. On the other
hand, using a language model alone consistently underper-
forms compared to GNNs with a shallow encoder. This indi-
cates that the unique graph-specific inductive bias of GNNs,
i.e. graph knowledge, remains crucial. Even fine-tuned LLM
(LLMIT) cannot fully bridge this gap by relying solely on se-
mantic information from text, highlighting the significance
of reasonably combining them. Lastly, COLA consistently
achieves leading performance across most graphs and ob-
tains the highest average score, which demonstrates the ef-
fectiveness of our collaborative framework. It is worth not-
ing that TAPE, which also leverages LLMs, SLMs, and
GNNs, performs well on several datasets, highlighting the
potential of large and small model collaboration. Interest-
ingly, GCNLLM achieves the third-best average performance,
while TAPE underperforms on certain datasets (e.g., Insta-
gram and Reddit). This indicates that existing approaches
are still unable to effectively handle the complex coupling
among LLMs, SLMs, and GNNs.
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Figure 6: Ablation study for four modules of our proposed COLA on eight datasets.

Embedding Visualization (RQ2)
To better understand how COLA integrates knowledge, we
extracted the embeddings from both the LLM and SLM be-
fore and after the C3M module, as well as the final node
embeddings learned by the GNN. These embeddings are vi-
sualized using t-SNE in Figure 5, where light-colored points
represent node embeddings from the SLM and dark-colored
points denote those from the LLM, with different color
schemes indicating different classes. It can be observed that,
prior to C3M, the two types of embeddings are separated by
clear boundaries, indicating that they capture distinct feature
spaces. After passing through the C3M module, the embed-
dings obtain clustered patterns, demonstrating that C3M ef-
fectively aligns semantics with the task knowledge. In addi-
tion, the post-C3M embeddings exhibit clear class bound-
aries and the two embeddings have similar distributions.
This experiment clearly illustrates the process of interaction
among the three types of knowledge.

Ablation Study (RQ2)
We conduct ablation experiments to evaluate the importance
of the LLM and SLM, as well as the two key components
in C3M. As shown in Figure 6, removing either MoC or
SGKI leads to a clear drop across all datasets. This demon-
strates that both modules are essential: MoC for aligning
and routing semantic and task knowledge, and SGKI for
softly injecting structural information. Removing either the
LLM or SLM also leads to a substantial drop. Note that this
implies SGKI is also removed; however, the result is not
always worse than removing SGKI alone, suggesting that
misaligned LLM and SLM may conflict with each other.
The full COLA model consistently achieves the best results,
highlighting the necessity of all these components.

Parameter Sensitivity (RQ3)
We further examine how COLA’s performance changes with
respect to the trade-off parameter µ which balances the task
loss with the graph infusion and balancing losses, and the
temperature τ which controls the sharpness of the loss. Fig-
ure 7 shows that COLA demonstrates a high degree of sta-
bility across a broad range of τ values on representative
datasets, suggesting that the model is not overly sensitive to
the temperature setting once set within a reasonable interval.
However, the performance is more sensitive to µ, reflect-
ing its critical role in mediating the strength of knowledge
alignment and structural regularization. As µ varies, we ob-
serve that accuracy initially increases, reaches an optimum,

𝜇 𝜏 𝜇 𝜏

𝜇 𝜏 𝜇 𝜏

Cora Citeseer

Pubmed WikiCS

Figure 7: Sensitivity analysis of COLA with respect to the
trade-off parameter µ and the temperature coefficient τ .

and then gradually declines if overemphasized—indicating
that while some tuning of µ is beneficial, the degradation is
smooth and COLA remains robust across a wide operational
range. These results provide practical guidance: default hy-
perparameter choices are sufficient for strong performance,
and the model does not require laborious tuning.

Conclusion
In this work, we presented COLA, a principled frame-
work for unifying multi-view knowledge in text-attributed
graph learning via collaborative modeling. By seamlessly
integrating a frozen LLM, a task-aware fine-tuned SLM,
and a structure-aware GNN through the novel Consen-
sus–Complement Coordination mechanism, COLA effec-
tively bridges the gap between semantic, task-specific, and
structural knowledge. Our Mixture-of-Coordinators mod-
ule and soft graph-knowledge infusion enable fine-grained
knowledge alignment and flexible interaction among all
components. Extensive experiments across diverse bench-
marks demonstrate that COLA consistently achieves state-
of-the-art performance and is robust to hyperparameter
choices. These results underscore the potential of model col-
laboration as a general paradigm for advanced graph learn-
ing. We believe COLA paves the way for future research on
scalable, flexible, and unified model collaboration in com-
plex graph-based systems. One possible limitation is that we
did not discuss the impact of heterophily.
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