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Abstract

Large language models (LLMs) have demonstrated their strong ca-
pabilities in various domains, and have been recently integrated
for graph analysis as graph language models (GLMs). With LLMs
as the predictor, some GLMs can interpret unseen tasks described
by natural language, and learn from a few examples in the prompts
without parameter tuning, known as in-context learning (ICL). An-
other subset of GLMs utilizes abundant training labels to enhance
model performance, known as instruction tuning. However, we
argue that ICL on graphs has effectiveness issues due to fixed pa-
rameters and efficiency issues due to long context. Meanwhile,
the large amount of labeled data required for instruction tuning
can be difficult to obtain in real-world scenarios. To this end, we
aim to introduce an extra parameter adaptation stage that can effi-
ciently tailor GLMs to an unseen graph and task with only a few
labeled examples, in exchange for better prediction accuracy and
faster inference speed. For implementation, in this paper we pro-
pose GraphLAMA method, with its model backbone and learning
schemes specialized for efficient tuning and inference. Specifically,
for the model backbone, we use a graph neural network (GNN)
with several well-designed components (e.g., hop encodings, gating
modules) to transform nodes into the representation space of LLM
tokens. Task instructions can then be represented as a mixture of
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node and language tokens. In the pre-training stage, all model pa-
rameters except for the LLM will be trained with different tasks (i.e.,
node matching, node classification, and link prediction) to capture
general knowledge. In the adaptation stage, only a few pre-trained
parameters will be updated based on few-shot examples. Extensive
experiments on few/zero-shot node classification and summary
generation show that our proposed GraphLAMA achieves state-
of-the-art (SOTA) performance with 4.91% absolute improvement
in accuracy. Compared with ICL, our inference speed can be 10
times faster under 5-shot setting. Our code is available on GitHub
at https://github.com/BUPT-GAMMA/GraphLAMA.
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1 Introduction

Graph neural networks have become a powerful tool to understand
and analyze graph-structured data [5, 15], facilitating progress in
applications from various domains [17, 18, 35]. In real-world sce-
narios, graphs are usually accompanied by rich textual informa-
tion as text-associated graphs (TAGs) [39], e.g., paper contents in
citation networks [36] and product descriptions in e-commerce
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Table 1: Comparisons among different adaptation paradigms of GLMs. Existing methods primarily rely on in-context learning or
instruction tuning. While using few-shot examples for efficient adaptation is common in GNNss, it has been largely overlooked
in GLMs. Tuning with few-shot examples requires a separate model adjustment for each graph and task, necessitating a minimal
number of tunable parameters, which presents significant challenges in backbone design. Also, how to effectively adapt GLMs
with limited annotation remains an underdeveloped problem, making this issue far from trivial.

Graph In-context Learning

Graph Instruction Tuning This Work

Large amount of data from Few-shot examples for a

context

Tuning data ‘ N/A ‘ various tasks ‘ specific task
Tuned parameters | N/A | Relatively large | Relatively small
Tuning cost | N/A | Relatively high | Relatively low
Graph and tas?(-speclﬁc ‘ Yes ‘ No ‘ Yes
adaptation
Inference cost ‘ Relatively high due to long ‘ Relatively low ‘ Relatively low

networks [11]. Inspired by the recent advances in natural language
processing, efforts [30, 42] have been made to integrate large lan-
guage models into graph learning as graph language models [16]
or graph foundation models (GFMs) [21]. With LLMs as the pre-
dictor, some of these methods [13, 19] can interpret unseen tasks
described by natural language instructions, and learn from a few
examples in the prompts without parameter tuning, known as in-
context learning [1]. Meanwhile, some GLMs [30, 31] use a large
amount of labeled data for graph instruction tuning [30] to adjust
the model parameters.

Though ICL and instruction tuning have achieved significant
results on graphs [13, 19, 30], these existing methods have the fol-
lowing limitations: (1) Bounded by fixed parameters, ICL-based
methods have suboptimal performance [1, 20] and limited improve-
ment when we increase the number of examples in the prompt. Also,
ICL has to include the information of all examples in the prompt,
and thus suffer from extremely long context describing the topologi-
cal structure and text content of nodes. (2) While instruction tuning
models can achieve excellent results, they require sufficient labeled
data for training, which is difficult to obtain in real-world scenarios.
The process of labeling data is both expensive and time-consuming,
which highlights the importance of low-resource inference methods
that require little or no labeled data [36].

To overcome the above limitations, we propose to introduce
an extra parameter adaptation stage that efficiently tailors GLMs
to each target graph and task with few-shot examples. Table 1
highlights the differences between this work and existing adap-
tation paradigms for GLMs, i.e., ICL and instruction tuning. For
efficient adaptation, the number of tunable parameters needs to be
minimized, which poses great challenges to the design of model
backbone. Despite the recent progress of graph instruction tun-
ing [30], how to effectively adjust graph language models with only
a few examples is still underdeveloped.

In this paper, we propose GraphLAMA with its model backbone
and learning schemes specialized for efficient tuning and inference:
(1) For backbone architecture, we first encode each target node and
its neighborhood by a GNN, and augment the node embeddings

with hop encoding. Then we transform node embeddings into the
representation space of LLM tokens based on two gating modules
and a projector. Respectively, the two gates extract task-invariant
and task-related information from node embeddings. Finally, task
instructions are represented as a mixture of node and language
tokens. (2) In the pre-training stage, we train model parameters
except the LLM with different tasks (i.e., node matching, node clas-
sification, and link prediction) to capture general knowledge. (3) In
the adaptation stage, we use few-shot examples to update param-
eters in the task-related gate and hop encodings by a supervised
loss. Here the number of tunable parameters is only 1/10% of a 7B
LLM, occupying merely 3MB storage space. (4) In the inference
stage, we directly query the LLM without providing task exam-
ples in the prompt. Extensive experiments on few/zero-shot node
classification and summary generation show that our GraphLAMA
achieves state-of-the-art (SOTA) performance with 4.91% absolute
improvement in accuracy.

The contributions of this work are three-fold: (1) We point out
the limitations of current adaptation paradigms for GLMs, and
propose to efficiently fine-tune GLMs for each target graph and
task instead. (2) We propose GraphLAMA with carefully-designed
model backbone for implementation, enabling fast adaptation of
GLM with only few-shot examples. (3) Extensive experimental
results confirm the effectiveness and efficiency of GraphLAMA.
The backbone components and pre-training tasks are also validated
via ablation study.

2 Related Works

Pre-training on Graphs. Self-supervised learning techniques,
which design pretext tasks to utilize the inherent characteristics of
graphs as extra guidance [12, 14, 37], have been widely explored for
pre-training GNNs. These approaches can be further divided into
contrastive and generative ones. Contrastive approaches empha-
size learning representations by differentiating between positive
and negative samples. Prominent methods in this category include
GraphCL [40] and GCA [44]. Conversely, generative approaches
concentrate on creating realistic samples that mimic the original
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graph data. Recent progress in this area includes methods like
GraphMAE [10], S2GAE [29] and AutoCF [38], which reconstruct
either masked features or edges as self-supervised learning tasks.
In our method, we consider contrastive (i.e., node matching) and
generative (i.e., link prediction) as well as supervised (i.e., classifi-
cation) tasks during the pre-training stage, facilitating the learning
of key information from text-attributed graphs.

Prompt Tuning on Graphs. Inspired by advances in natural
language processing, many researchers integrate prompt tuning
techniques [22] into graph learning to enhance model transfer
capabilities. Efforts such as GPPT [27] and GraphPrompt [23] fo-
cus primarily on closing the gap between pretext optimization
and downstream predictions. These methods use prompts to en-
able knowledge transfer at various levels, including node, edge,
and graph levels. GPF [6] and All-in-One [28] incorporate diverse
prompts into raw features or graph structures to accommodate a
variety of tasks. Additionally, G2P2 [36] is specialized for classifica-
tion tasks by employing graph-grounded prompting techniques to
adapt the model to unseen datasets. However, these methods use
GNNs s as predictors, limiting them to predefined tasks and prevent-
ing them from following natural language instructions or offering
explanations for their judgments.

In-Context Learning on Graphs. Methods utilizing ICL for adap-
tation can be categorized into two types: those that use only LLM
and those that combine GNN with LLM. The first type, such as
NLGraph [34] and LLMForGraph [3], directly employs LLMs to
test on graph learning tasks. When utilizing ICL capabilities, they
simply incorporate all available information of the examples into
the input instructions. The second type combines the capabilities of
GNNs and LLMs. OneForAll [19] uses a GNN as the predictor and
integrates language models to unify node features from different
datasets. It remains restricted to predefined tasks and cannot pro-
vide explanations for its predictions. An exception is Prodigy [13],
which designs an ICL graph to include task and data information,
using a GNN to process it and make corresponding predictions.
Like other GNN-based methods, it is confined to predefined tasks
and lacks explainability.

Graph Instruction Tuning. Some methods [30, 42] use instruction
tuning to enhance LLM performance on graph data. They employ
GNN' s to encode nodes and then align them with LLMs, followed by
adapting LLMs to graph data through natural language graph task
instructions. These methods perform well in experiments and retain
the conversational abilities of large language models. However,
these approaches have weak transfer capabilities and require a
large amount of labeled data to construct sufficiently large graph
task instructions for training, which is often impractical in real-
world scenarios.

3 Methodology

3.1 Problem Statement

Notations. We focus on Text-Attributed Graphs (TAGs), where
each node is associated with its own text content, and edges repre-
sent the relationships between nodes. We formally denote a TAG as
G = (V,A X,S), where V is the set of nodes, S is the set of node
contents, A € {0, 1}|(V| XIV1 s the adjacency matrix, and X denotes
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node features. We use subscripts to denote the information of spe-
cific nodes, e.g., the feature and content of node u are respectively
represented as X, and S,. Besides, we use superscripts on X to
indicate embeddings processed by a specific module. For example,
XSGNN denotes the embedding of node u after GNN processing.

Problem Definition. For simplicity of notation, we formalize the
problem with a single pre-training TAG Gpre and a target TAG
Gtarget With different tasks. In our experiments, we have multiple
datasets for pre-training. We denote the textual task descriptions
for pre-training and adaptation as TtIZZi and Ttirkget, respectively.
Pre-training tasks can be either supervised or self-supervised, while
in the target task each node v has a ground truth label y,. Our goal
is given task text T8 3 nd few-shot examples {(v;, Yo, ) }f(: , onthe

as.
target TAG, we aim to predict the labels of other nodes in Gtarget-

3.2 Framework Overview

The overall framework of our proposed GraphLAMA is shown in
Figure 1. Here each task query includes the tokens of target node
as well as its neighborhood, the text content of target node, and
the task text. The task query will be fed into an LLM for answering.
Besides the LLM, our model backbone involves a GNN with hop
encoding and gating modules to provide informative node token
embeddings. In the pre-training stage, we train model parameters
on Gpre with different tasks Y}I;rsi (i.e., node matching, paper classi-
fication and link prediction) to capture general knowledge. In the
adaptation stage, we use few-shot examples from the target TAG
Gtarget to update a very small portion of pre-trained model param-
eters (i.e., the task-related gate and hop encodings) by a supervised
loss. In the inference stage, we can directly query a target node
without providing few-shot examples in the prompt.

3.3 Backbone Architecture

In our backbone, we first encode a target node and its neighborhood
using a GNN. Then we augment the node embeddings with hop en-
coding, and transform them into the embedding space of language
tokens based on two gating modules and a projector. Finally, the
entire task query, including node tokens, target node content and
task text, will be fed into an LLM.

GNN. Given a TAG G = (V,A X,S) with target node v, we
extract a neighborhood subgraph (N (v), Ax/(0) X N(0)s SN (o))
where N (v) represents the neighborhood nodes of v, and A n(4)/
X N(0)! SN(o) represent the topology/features/contents of neigh-
borhood subgraph. GNN performs neighbor aggregation for each
node Yu € N (v), and can be represented as gy, where 6 denotes
the set of trainable parameters. Formally, in the [-th layer of GNN,
node’s previous layer embedding hf[l is combined with aggregated
neighborhood vectors {h.™',Vz € N'(u)} using operation:

hl, = (W, - CONCAT (k! U AGGREGATE,{h}™!,Vz € N(u)}).
(1)

Finally, the GNN gg(-, -) encodes the structure and feature infor-
mation in the subgraph and yields node embeddings XSNN =
gg(AN(v), XN(U))M’ forallu € N(Z))

Due to the limited transfer capability inherent to the GNN itself,
we train the GNN’s encoding ability during the pre-training phase
and then keep its parameters frozen during the adaptation stage.
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Figure 1: The overall framework of our proposed GraphLAMA, with explanations presented in Section 3.2.

This configuration allows the GNN to focus solely on understanding
the inherent features and the structure of the graph data.
Hop Encoding. Next, hop encodings will be concatenated to node
embeddings X$NN for all u € N (v). Specifically, hop encodings are
fixed-length vectors, and set to be learnable parameters depending
on the distance from the target node v. This effectively incorpo-
rates subgraph structure encoding into node embeddings, and helps
highlight the differences between nodes at different distances.

Formally, we denote hop encodings as {ei}?zo, where 1 is the
maximum hop number in the extracted subgraph, and e; is the
encoding for the i-th hop neighbors. For a i-th hop neighbor node
u, its embedding after hop encoding is given as:

XHP = CONCAT(XSNWN U g;). @)

Depending on the specific downstream task, the importance of
neighbors from different hops may vary. Therefore, during the
adaptation phase, we set hop encodings to be tunable.
Task-Invariant and Task-Related Gates. The Task-Invariant
Gate (TIG) and Task-Related Gate (TRG) are both gating modules
based on channel masking. TIG is to extract intrinsic characteristics
independent of tasks from node embeddings, and will be frozen
after the pre-training stage. In contrast, TRG aims to extract task-
specific information from node embeddings based on task text. The
learnable parameters in TRG are pre-trained and used for initializa-
tion in the adaptation stage. The embeddings after the two gates
are then aggregated for further processing.

Formally, we denote the entire gating operation as t4 with ¢
as the set of parameters. ¢ can be further divided into ¢,y in TIG,

Prel in TRG, and ¢,g for aggregation. Here, ¢y, comprises a task-
invariant weight matrix Wy, and a mask vector mjyy. ¢y] includes
a task-related weight matrix W. The task-related mask vector my|
is parameterized by encoding task text T, with a small language
model f such as Sentence-bert [26]. ¢pagg contains an aggregation
weight matrix Wage. The node embedding of node u € N (v) after
the gating modules can be defined as:

H
XSate = Wagg ' CONCAT{ [(Wrel - Xu Op) © mr€1]
H
U [(Winv . Xu op) © minv]}~ (3)

This gating module is specialized for efficient adaptation, with
fewer parameters than other encoding components, effectively re-
organizing node features based on task text. During the adaptation
phase, we treat my| as tunable parameters initialized by fy (Task)-
Weight matrices W e and Wagg are also set as tunable, allowing the
introduction of task-specific information to facilitate adaptation.
Projector. So far, there still exists a modality gap between the node
embeddings and the tokens understandable by the LLM. Specifically,
the dimensions and feature spaces of the node embeddings and the
LLM tokens differ from each other. To bridge this gap, we employ
a projector py to map the embedding of node u as

oo
X% = py(XGe). (4)

The projector has a relatively large number of parameters, so we
freeze them after pre-training to perform translations.

Large Language Model. LLMs can function as either encoders
or decoders. When used as an encoder, the LLM encodes node
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content into representations with rich semantic information. As a
decoder, it can generate answers for a given task query by iteratively
performing next token prediction.

Formally, an LLM can be represented as LLM,, where o is the
parameter pre-trained on broad language data. As an encoder, the
LLM directly encodes the content S;, of node u € N(v) as Cy, =
LLM,,(Sy).As a decoder, the LLM generates responses given node

embeddings xProl

N(v)’ target node content S, and task text Ti,gx:

) Proj
o = LLMo, [X 7 So Task]. ©)

We utilize the Vicuna model [4], an open-source chatbot developed
by fine-tuning Llama [32] with conversations shared by users. To
avoid the problems of catastrophic forgetting and the prohibitive
training expenses due to managing a massive parameter set, we
maintain the LLM parameters o as fixed during all stages.

3.4 Pre-training Stage

In the pre-training stage, we consider three tasks to ensure that
the main components are adequately trained and can learn general
information from the TAG data. The tasks include node matching
(Task 1), paper classification (Task 2), and link prediction (Task 3).
During this stage, all model parameters in the framework, except
for the large language model, will be updated by gradient descent.
Node Matching. Following previous researches [30, 42], we start
pre-training by an unsupervised contrastive learning task to train

the model’s encoding and alignment abilities. In implementation, we
Proj
N(o)

ings C n(v)- Let XN(v) =norm(X

align node embeddings X with their corresponding text encod-

Proj
N (o)
represent the normalized node and text embeddings respectively.

The loss function for alignment computed as:

) and CN(U) = norm(CN(z,))

1
L= N

> exp (1 cos(Xu, Cu)) +I1Xu = Cull®, (6)
ueN(v)

where y is fixed as 0.01, cos(, ) is the cosine similarity, and the last
term is the square of L2-norm.

Paper classification & Link Prediction. To further equip the
model with the capability to address practical tasks, we also employ
two supervised tasks, paper classification and link prediction, dur-
ing the pre-training phase. We combine node tokens with language
tokens as instructions for the LLM. The instruction examples for
the two tasks are shown below:

Task2: Paper Classification

Instruction: Given a sequence of node tokens: <node_1>,
<node_2>, <node_3>... Where the first token represents the
target node. With the following information:

Title: Attention is all you need. Abstract: The dominant se-
quence transduction models are ...

Task Text: Which of the following categories does this paper
belong to?
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Task3: Link Prediction

Instruction: Given two sequences of node tokens: <node_1>,
<node_2>, <node_ 3>.. and <node_i>, <node_(i+1)>,
<node_(i+2)>... Where the first token and the i-th token
represent the target nodes. With the following information:
Titlel: Attention is all you need. Abstractl: The dominant
sequence transduction ...

Title2: GraphTranslator: Aligning Graph Model ... Abstract2:
Large language models ...

Task Text: Is there a connection between these two target
nodes?

Specifically, we obtain LLM predictions g by Eq. (5), and compute
the cross-entropy loss with ground truth label y for each task.

3.5 Adaptation Stage

In this stage, we conduct fine-tuning with few-shot examples of
target task and TAG. Here most model parameters are frozen, and
the tunable parameters only involve mye, Wy and Wagg, thus
enabling a fast adaptation to the downstream task. The loss function
for parameter fine-tuning is also cross entropy, the same as the
supervised pre-training tasks. For each target task, we need to
store a specific set of mye|, W] and Wy, occupying less than
3MB space in practice. Note that the target data domain and task
may significantly vary from the pre-training ones. For example, an
instruction example of target task in our experiments is as follow:

s D
Target Task Example
Instruction: Given a sequence of node tokens: <node_1>,
<node_2>, <node_3>... Where the first token represents the
target node. With the following information:
Description: Lightweight holder for your ipad, phones. Product
Dimensions: 3.3 x 8.6 ...
Task Text: Generate a suitable title for this product?

Discussion. In the inference stage, the task query has the same
format with that in the adaptation stage. Compared with previous
methods, our advantages are two-fold: (1) Compared to instruc-
tion tuning, our method only requires a few-shot number of data
to achieve highly effective transfer. The well-designed backbone
maximizes GraphLAMA ’s inference capability on unseen datasets
and unseen tasks. In contrast, the instruction tuning method re-
quires abundant training labels. (2) Compared to ICL, the model
parameters in our methods are adjusted for the target task and
TAG, and thus can better adapt to downstream scenarios. In con-
trast, increasing the number of examples for ICL only brings mar-
ginal performance improvements while significantly reducing the
model’s inference efficiency. We name our method as GraphLAMA
(Graph LAnguage Model Adapter), and present the pseudo code
in Appendix A.

4 Experiments

In this section, we conduct extensive experiments to validate the
effectiveness of our proposed method from multiple perspectives.
We aim to answer the following research questions (RQs): RQ1:
How effective is our proposed GraphLAMA in learning scenarios
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Table 2: Results on few-shot classification, with the highest results displayed in bold and the second highest underlined.
The dash (-) indicates the text input exceeded the length limits. The tag (Tuned) means that we have fine-tuned the model’s
parameters using the corresponding few-shot data, while the tag (ICL) indicates that we included the corresponding few-shot

data in the input for in-context learning.

Dataset |Shots GraphMAE All-In-One GraphPrompt Prodigy OneForAll G2P2 Vicuna NLGraph LLaGA G-Retriever GraphGPT GraphGPT|GraphLAMA
(Tuned)  (Tuned) (Tuned) (ICL) (ICL) (Tuned) (ICL) (ICL) (Tuned)  (Tuned) (ICL) (Tuned) (Tuned)
5 |[27.80+1.02 40.56+1.32 36.12+2.01 52.94+0.72 50.54+1.36 74.52+1.77 |48.50+1.23 47.71+1.5 68.68+2.56 50.47+1.17 51.63+2.44 49.96+1.64| 74.54+1.61
ngoar;ls 20 |28.08+1.33 41.57£0.70 36.95+1.77 53.51+1.21 57.32+2.78 78.69+1.48 - = 66.14+1.74 50.86£1.10 51.09+3.81 48.20+1.94| 80.56+2.11
50 |28.88+£1.02 42.24£0.83 37.65%1.74 54.51£1.49 56.36+2.21 81.76£1.56 - = 67.09+2.55 50.36£2.09 52.40+3.02 48.40+2.75| 88.96+1.93
5 [17.99+0.64 30.07+1.30 26.22+1.69 44.09+0.88 44.50+1.34 55.61+£2.04 |35.16+2.03 36.83%£2.67 47.51+1.53 39.15+2.20 39.22+2.64 38.97£1.58| 58.61+1.92
1(?‘2:;5 20 |16.04£0.83 31.52£1.01 27.09+£2.08 46.74£1.24 47.08+1.18 58.29+2.37 - = 48.95+3.08 39.28+£2.11 39.32£4.08 39.04+£1.25| 69.04+1.69
50 |18.54+0.64 28.21£5.07 27.64+2.31 48.28+0.90 48.62+1.41 60.50+2.74 - = 47.91+£3.25 39.40+£2.17 40.36+2.30 38.81+2.74| 79.71+1.84
5 |27.74£0.61 45.65+1.83 34.25+1.86 50.36+0.72 50.76+1.33 71.37+2.18|50.19+1.57 45.74+2.76 62.71+2.85 54.04+2.91 56.80+1.82 54.26+2.45| 70.18+2.07
\sti]:;-ycss 20 |29.42+£0.57 40.44£1.59 34.37£1.71 51.60£0.61 55.27+1.06 74.41£1.58 - = 61.45+2.66 55.39£2.41 56.01+£1.55 54.78+2.43| 76.88+2.30
50 |29.79+0.94 46.60+1.20 35.16%£1.79 53.61£0.72 56.22+0.71 76.21+£2.50 - = 62.13+2.74 55.13£1.20 57.22+1.79 55.72+2.11| 81.99+1.64
5 [19.29+£1.02 32.74+2.89 29.13+2.47 50.37+1.15 48.65+0.55 63.38+2.36|45.07+2.56 44.73+£1.58 56.31£1.80 50.78+2.09 49.73+1.66 49.36+1.02| 62.24+2.18
\221(;;558 20 |19.25%£1.29 36.83£1.85 29.59+2.20 51.36%0.91 50.43+0.82 65.07+£2.48 - = 58.38+2.95 50.25+£2.06 49.35+2.35 48.97+2.92| 68.20+2.40
50 |19.28+0.87 37.40+£1.85 29.76+2.16 53.37£1.0152.66+1.32 68.36£1.53 - o 57.53+2.71 50.69+2.84 49.20+1.54 48.89+2.77| 75.81+2.34
5 [19.62+1.14 31.46+2.84 32.08+1.66 47.58+0.59 46.72+0.77 68.22+1.25 |44.44+1.97 45.80£2.12 55.43+1.84 49.13+1.32 50.72+2.29 48.50+2.33| 69.67+1.64
P;:si;;csts 20 |23.33£0.58 31.93+3.14 32.81+2.21 50.67+1.07 48.59+0.77 70.87+1.11 - o 55.29+2.99 49.80£1.26 50.78+1.94 48.64+2.29| 72.61+2.19
50 |18.81+£0.82 32.11£2.16 32.86%2.08 51.94£0.90 49.16+1.04 82.62+0.63 - o 55.12+£3.08 49.05+1.77 50.30+1.81 48.58+1.16| 84.82+1.58
5 |12.88+1.14 20.30+8.65 26.30+2.42 40.48+0.53 39.03+0.65 53.83£1.67 |39.44+1.87 36.45+1.66 48.33+2.37 41.33+1.69 36.94+2.01 35.06+2.86| 58.30+2.17
Plr(;)‘sz;t: 20 |11.47+1.47 19.07£6.11 26.77+2.29 41.77+0.99 40.51+£0.69 55.79+0.52 - = 49.22+1.14 41.79+2.80 36.53+1.87 35.35£2.56| 64.85+1.86
50 |13.82£1.36 22.49£3.79 26.96£2.02 42.30£0.74 42.46+0.78 64.92+0.67 - o 49.24+2.93 41.66£2.33 36.92+2.42 35.21+2.20| 75.81+1.52

with limited annotations? RQ2: What is the rationale behind our
backbone design and choice of pre-training tasks? RQ3: What are
the details of GraphLAMA ’s efficiency at each stage? RQ4: Do
the LLM-generated predictions in GraphLAMA offer some inter-
pretability?

4.1 Experimental Setup

Datasets. Following previous works [30, 36], we pre-train on ArXiv
and PubMed datasets, and test on Cora, Wiki-CS, and ogbn-products
datasets. More dataset details can be found in Appendix B.

Evaluation. We consider two different tasks to demonstrate our
model’s capabilities, encompassing classification and summary. To
simulate real-world scenarios with limited labels, we adopt the
classic setting of few-shot learning. For the classification task, we
randomly select K samples per class as the training data during
the adaptation stage. We construct six different classification tasks
using three test datasets, namely Cora-5ways, Cora-10ways, Wiki-
CS-5ways, Wiki-CS-10ways, Products-5ways, and Products-10ways.
The first part of each task name indicates the dataset used, while
the second part specifies the number of classes. We use accuracy
as the evaluation metric for both few-shot and zero-shot classifica-
tion tasks, and calculate the standard deviation based on different
random seeds. For each classification task, we follow the existing
settings and use 100 target nodes per way as testing data. For sum-
mary generation task, we utilize the “title” field from node’s text

content as ground truth label, as the title can be considered as a
summary of the entry’s information. We also collect K samples
per class as tuning examples and conduct tests on all three test
datasets. The summary generation task uses BLEU-1 score as the
evaluation metric. We select a number of SOTA methods as base-
lines for comparison, baseline information can be found in C. The
implementation details of our model can be found in Appendix D.

4.2 Few-shot Experiments (RQ1)

To answer RQ1, we conduct few-shot classification experiments un-
der six settings, and the results are shown in Table 2. Additionally,
we conduct zero-shot classification experiments under the same
settings, with results shown in Figure 2. Furthermore, we conduct
few-shot summary generation task as shown in Figure 3. The re-
sults demonstrate that: (1) Our GraphLAMA method consistently
outperforms SOTA methods in few-shot classification, always de-
livering the highest or second-highest accuracy in its predictions.
On average, GraphLAMA has 4.91% absolute improvement in clas-
sification accuracy against the best baseline. This indicates that
our adaptation strategy provides the model with a strong transfer
capability. (2) Our approach demonstrates high accuracy even with
just 5-shot examples and shows considerable improvement as the
number of shots increases. In contrast, the performance of base-
line methods shows only marginal improvement as the number of
shots increases. (3) GraphLAMA also exhibits high performance
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Figure 2: Results on zero-shot classification. Our proposed GraphLAMA always has the highest accuracy.
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Figure 3: The results of summary generation task in three test datasets. The missing result in 50-shot setting is because the text

input exceeds the length limit.

on the products dataset, whereas other baselines are significantly
affected. The textual content of the products dataset differs greatly
from that in the pre-training academic citation network, making
it a challenging task in our experiments. However, our model is
only minimally impacted, demonstrating our method’s capability
to handle cross-domain data. (4) Notably, GraphMAE, All-In-One,
and GraphPrompt do not support textual input, resulting in lower
performance due to the lack of one input modality. Conversely,
methods using GNN as a predictor excel in classification tasks
but cannot perform the summary generation task, aligning with
their typical characteristics. Besides, experiments show that the
performance of the GraphGPT (ICL) version does not significantly
improve with an increased number of shots. On the other hand,
GraphGPT (Tuned) version is also limited in performance due to
the large number of tunable parameters in the backbone and the
lack of design for few-shot transfer.

From the zero-shot experimental results, we can see that our
proposed GraphLAMA demonstrates the best performance in all
zero-shot tasks with 3.10% absolute improvement in accuracy, indi-
cating that our backbone architecture successfully integrates text
and graph information. Notably, some baseline models were not
specifically designed for 0-shot scenarios, and the lack of appropri-
ate transfer training settings during the experiments introduced

some noise into the information, which explains why the original
Llama model performed relatively better.

From the summary generation task, it is evident that by using
LLMs as predictors, our model can handle a wider range of tasks
through generative capabilities. It is noteworthy that G2P2 model
is specifically tailored for classification tasks, where it achieves
the second-best performance, but it cannot handle other tasks like
summary generation. We further equip GraphGPT with Vicuna-
13B-v1.5 and LLaMA-8B-v3 to compare our method with a direct
scaling of GLMs in terms of model size and training data. The
corresponding results are provided in Appendix E. The results
indicate that GraphLAMA has a powerful transfer capability.

4.3 Ablation Study (RQ2)

To address RQ2, we conduct a series of ablation studies to examine
the effectiveness and necessity of the backbone design and the
pre-training tasks in GraphLAMA .

Ablation Study for Adaptation Stage. Firstly, we compare our
proposed adaptation stage with existing lightweight tuning method,
with results shown in Table 3. Specifically, GraphLAMA (LoRA)
tunes LLM via LoRA, and GraphLAMA (Original) represents our
proposed adaptation approach. As shown, our method consistently
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outperforms across all settings with a 26.7% absolute improve-
ment on averge. A possible reason for the underperformance of
GraphLAMA (LoRA) is that the number of trainable parameters in
LoRA is still ten times larger than that in our method. Under such
limited annotations, LoRA fails to achieve effective adaptation.

Table 3: Ablation for adaptation stage.

Dataset Shots | GraphLAMA (LoRA) | GraphLAMA (Original)

5 48.72+1.87 74.54+1.61

Cora-5ways 20 48.55+2.14 80.56+2.11
50 49.13+1.36 88.96+1.93

5 39.19+2.32 58.61+1.92

Cora-10ways 20 39.31+1.54 69.04+1.69
50 39.27+2.01 79.71+1.84

5 55.38+1.77 70.18+2.07

Wiki-CS-5ways 20 55.39+2.24 76.88+2.30
50 55.44+1.68 81.99+1.64

5 49.63£1.95 62.24+2.18

Wiki-CS-10ways 20 49.14£2.11 68.20+2.40
50 49.21+1.42 75.81+2.34

5 48.78+1.61 69.67+1.64

Products-5ways 20 48.82+2.09 72.61+2.19
50 49.10£1.83 84.82+1.58

5 35.48+1.56 58.30+2.17

Products-10ways 20 35.90+2.47 64.85+1.86
50 35.73+1.29 75.81+1.52

Table 4: Ablation for backbone component.

w/o w/o w/o

Dataset |Shots Gates Module|Hop Encoding|Task-Related Mask GraphL AMA
0 49.34+2.49 60.00+1.24 55.13£2.01 66.11+1.32

Cora 5 51.11+£2.39 68.46£0.86 62.10£0.95 74.54+1.61

Sways | 20 48.04+1.89 74.44+1.40 74.17£0.51 80.56+2.11
50 50.10+1.80 75.52+0.82 86.80+0.77 88.96+1.93

0 30.80+1.55 45.88+1.44 21.79+1.51 54.01+1.09

Cora 5 29.24+1.90 52.55+0.82 34.36+0.71 58.61+1.92

10ways | 20 30.60+2.15 53.67+0.69 42.58+0.37 69.04+1.69
50 29.39+1.62 54.25+1.41 56.00+1.24 79.71+1.84

0 57.37+2.40 55.21£1.28 59.03+1.84 61.74+1.27

Wiki-CS| 5 56.20+2.10 56.55+1.48 63.60+1.27 70.18+2.07
5ways | 20 57.69+1.65 70.10+1.18 70.00+0.68 76.88+2.30

50 57.65+2.39 69.32+1.39 73.20+0.55 81.99+1.64

0 50.84+2.05 45.84+0.87 49.25+2.31 55.48+1.05

Wiki-CS| 5 50.80+2.28 59.05+1.01 60.20+1.09 62.24+2.18
10ways | 20 51.18+1.88 60.92+0.85 62.60+1.41 68.20+2.40
50 50.34+1.77 59.25+1.31 65.80+1.33 75.81+2.34

0 52.14+2.19 44.56+0.63 46.44+1.93 57.55+1.39

Products| 5 52.09+1.87 45.31+£1.22 58.40+0.77 69.67+1.64
Sways | 20 52.49+2.37 60.65%0.65 69.30+1.34 72.61+2.19

50 52.94+1.66 74.89+0.83 73.60+1.38 84.82+1.58

0 37.43+2.20 42.77+0.77 41.35+2.20 44.80+1.20

Products| 5 37.87+2.41 54.29+1.26 56.20+1.23 58.30+2.17
10ways | 20 37.18+2.39 60.96+1.05 56.60+1.20 64.85+1.86
50 37.35+1.54 64.62+0.62 59.02+0.61 75.81+1.52

Ablation Study for Backbone Component. Secondly, we
introduce several ablated models by removing different com-
ponents: “w/o Gates Module” removes the gating function t4
and directly fine-tunes GNN encoder and hop encodings; “w/o
Hop Encoding” means using zero vectors to replace the hop
encodings {ei}?zo ; “w/o Task-Related Mask” uses a random vector
to initialize the Task-Related Mask m,. instead of task texts.

Junze Chen et al.

From the results in Table 4, we can observe: (1) All components
within the backbone are useful and necessary. Removing any part
significantly degrades model performance. Specifically, removing
the gates/hop encodings/task-related mask results in an average
performance drop of 22.61%/10.41%/10.62%, respectively. (2)
Removing the Task-Related Mask leads to the largest drop in
zero-shot performance, averaging 11.67%. This drop is reasonable
due to the absence of task-related information in node tokens.
Table 5: Ablation for pre-training tasks.

w/o Self-supervised Self-super | Self-super
Dataset [Shots Pre-training (ArXiv) + supervised|+ supervised| GraphLAMA
(ArXiv) (PubMed)

0 0 38.20+1.11 42.75+0.73 | 39.06+1.09 | 66.11+1.32

Cora 5 0 60.22+1.18 72.82+0.83 | 67.83+£0.78 | 74.54+1.61

Sways | 20 0 64.99+1.09 74.12£1.16 | 69.51+1.41 | 80.56+2.11
50 | 7.66+1.42 66.68+0.66 76.57£0.66 | 70.18+1.08 | 88.96+1.93

0 0 25.48+0.92 40.33+0.68 | 32.18+1.15 | 54.01+1.09

Cora 5 0.17£0.09 40.17+0.78 52.77£0.79 | 42.68+0.69 | 58.61+1.92

10ways | 20 | 6.70+0.21 44.27+0.78 57.96£0.99 | 53.05+£0.97 | 69.04+1.69
50 | 23.11£1.06 48.35+1.27 64.38+£1.46 | 56.74+0.79 | 79.71+1.84

0 0 35.31£1.25 38.84+0.51 | 40.28+0.87 | 61.74+1.27

Wiki-CS| 5 0 57.81+0.79 70.31£1.43 | 64.60+0.52 | 70.18+2.07
Sways | 20 | 5.06+0.78 61.34+1.25 71.35£0.60 | 68.85+1.22 | 76.88+2.30
50 | 16.40+0.43 64.07+0.97 73.26£0.58 | 73.21+£0.98 | 81.99+1.64

0 0 28.53+0.43 40.88+0.96 | 44.29+1.53 | 55.48+1.05

Wiki-CS| 5 0 39.62+1.39 52.94£0.52 | 57.06+£0.54 | 62.24+2.18
10ways | 20 | 5.65+1.50 49.77+0.65 61.97£0.77 | 63.82+1.49 | 68.20+2.40
50 | 19.22+1.19 55.81+0.59 64.95+0.64 | 69.24+1.37 | 75.81+2.34

0 0 47.99+0.81 54.52+0.54 | 51.37£0.24 | 57.55+1.39

Products| 5 0 61.98+1.13 60.31£0.25 | 58.28+0.15 | 69.67+1.64
Sways | 20 | 0.17+0.03 65.13£0.07 71.34£0.54 | 71.04+£1.37 | 72.61+2.19
50 | 2.41+0.56 72.15£0.57 78.94£0.51 | 80.05+1.45 | 84.82+1.58

0 0 37.90+1.44 40.66+0.81 | 39.78+0.58 | 44.80+1.20

Products| 5 0 51.29+1.36 54.47£1.09 | 52.53+£1.46 | 58.30+2.17
10ways | 20 1.44+0.67 56.37+1.30 60.27£0.12 | 59.69+0.51 | 64.85+1.86
50 1.34+0.90 60.24+0.59 72.14£1.21 | 68.70+1.45 | 75.81+1.52

Ablation Study for Pre-training Tasks. We further conduct ab-
lation experiments to evaluate the impact of each pre-training task,
with results shown in Table 5. Here “w/o pre-training” indicates
that we conduct adaptation and inference on the model without
any pre-training; “Self-supervised (ArXiv)” denotes that we pre-
train the model solely with self-supervised tasks on the ArXiv
dataset; “Self-super + supervised (ArXiv)” and “Self-super + super-
vised (PubMed)” mean that we conduct pre-training on the ArXiv or
PubMed datasets using both self-supervised and supervised tasks.
The results show that: (1) Each task and dataset involved in our
pre-training are effective. The model that is pre-trained with all
three tasks and on two datasets achieves the best performance.
Specifically, the model with full pre-training performs, on aver-
age, 64.6% better than the one without any pre-training, 17.91%
better than the model pre-trained only with self-supervised tasks,
8.89% better than the model pre-trained only on the ArXiv dataset,
and 10.87% better than the one pre-trained only on the PubMed
dataset. (2) The model without any pre-training performs the worst,
with an average accuracy of only 4.25%, indicating that it is yet
unable to effectively comprehend node token information. (3) The
model pre-trained only with self-supervised tasks shows significant
improvement, with an average accuracy of 50.97%. However, its
problem-solving capability remains insufficient, ranking second
to last in overall performance. (4) The model pre-trained on the
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ArXiv dataset with both self-supervised and supervised tasks out-
performs the model pre-trained on the PubMed dataset. This result
is expected, as the ArXiv dataset is larger than the PubMed dataset,
providing richer information and enabling the model to develop
stronger problem-solving capabilities.

Table 6: Efficiency comparison between GraphLAMA and
GraphGPT.

Stage GraphLAMA GraphGPT
Time-cost Tuned Parameters | Time-cost Tuned Parameters
Stage 1 Self-s.uperviseq 25:25:47 131,827,714 23:28:21 131,612,672
Pre-training Supervised (ArXiv) 13:07:05 131,827,714 10:35:00 131,612,672
Supervised (PubMed) 10:13:50 131,827,714 9:11:27 131,612,672
Stage 2 Supervised (5-shots) 0:01:40 726,658 B E
Adaptation Supervised (20-shots) 0:06:40 726,658 - -
Supervised (50-shots) 0:16:40 726,658 - -
0-shot 0.47s/target - 1.07s/target -
Stage 3 5-shots 0.52s/target 5.24s/target -
Inference 20-shots 0.52s/target 35.84s/target -
50-shots 0.51s/target - 54s/target -

4.4 Efficiency (RQ3)

To answer RQ3 and validate the efficiency, we measure the time
costs and the number of trainable parameters at different stages.
The results are presented in Table 6. Here we present the costs
associated with pre-training stage (self-supervised training, super-
vised training on the ArXiv dataset, and supervised training on
the PubMed dataset), adaptation stage (different shot counts), and
inference stage (different shot counts). We also compare with base-
line method GraphGPT with in-context learning inference From
the experimental results, we find that: (1) During the pre-training
phase, our costs are roughly equivalent to the baseline, which lacks
the additional components featured in our backbone design. (2)
The time cost of adaptation is significantly less than that of the
pre-training phase, averaging only about 1/117. At the same time,
the number of parameters involved in tuning is also small, approxi-
mately 1/181 of that in the pre-training phase. This indicates that
the cost introduced by our adaptation phase is acceptable, achieving
our design goals of efficient and effective transfer. (3) During the
inference phase, GraphLAMA consistently demonstrates stable and
efficient performance, without increased consumption as the num-
ber of example shots increases. In contrast, the baseline’s inference
efficiency declines significantly as the number of shots increases
averaging approximately 47.6 times that of GraphLAMA. Consid-
ering that the input length for ICL increases with the number of
examples, this result is expected.

4.5 Case Study (RQ4)

To further verify whether GraphLAMA can effectively comprehend
TAG and provide some interpretability for its inference, we select
three cases from three different test datasets for demonstration.
For each example, we display the input instructions along with
the model’s classification judgments and explanations, as shown
in Figure 4. In the instructions, we highlight node content in blue,
subgraph or neighbor info in yellow, and accuracy sections in green.
The model effectively understands and uses information from both
graph structure and text content, grasping the meaning of node
tokens across different data domains.When essential information is
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Given a W\kxpedla cntatlon graph —
(Node tokens) [ SR NN N
Where the Oth node |5 the targel entry, and other nodes are its one- op or multi-hop neighbors, with
[} the following |nformauon Wikipedia entry name: stealth_wallpaper. Entry content: stealth wallpaper...
d \Which of science does this entry belong to?

Based on the given Wikipedia entry, the paper seems to belong to the category of CompuUter security.
&

The paper does not explicitly mention computer security but is related to a paper mentioned
‘stealware’, which is a type of malware that covertly transfers money and data to third parties, using ...

Given a paper cltatmn graph e
(Node tokens) N
Where the Oth node is the target paper, and other nodes are \ts one hop or multi-hop nelghbors with
o the following information: Abstract: on the of pol ial-time clique approxi
@ '\ Which subcategories of computer science does this paper belong to?

Based on the given graph tokens, it is clear that the paper is related to a node with the topic of

artificial intelligence, games. The neighbor node specifically focusing on the context of human-robot

interaction and speech recognition. Thus we can categorize target node as [@rtificialintelligence, games

and search.” I@

Given a production purchase graph
(Node tokens) N N
Where the Oth node is the target product and other nodes are its one-hop or multi-hop neighbors,
[] with the following information: Products title:Square Enix Final... description: Chocobos are...
@B "\ Please classify the target item into a product category correctly.

product. However, we can analyze the relationship between neighbor nodes and the target node to
make an educated guess. The product is related to a neighbor, which involves various activities and
games, .... thus we can infer that the target product is related to “Toys & Games”.

Based on the given product title and description, it is difficult to determine the exact category of the
&

Figure 4: Case study of classification with explanations.

missing from the text content, the model can make accurate judg-
ments based on neighbor relationships or subgraph configurations.

5 Conclusion

In this paper, we discuss the limitations of existing adaptation
paradigms for GLMs, and then propose to fine-tune GLMs for each
target graph and task efficiently. The proposed GraphLAMA method
has well-designed backbone components and learning schemes,
achieving better prediction accuracy and faster inference speed.
Extensive results demonstrate that our proposed method is cost
effective and our method design is valid. For future work, we will
explore how the proposed GraphLAMA performs on other graph
learning tasks suffering from limited annotations, such as graph
classification, and attempt to introduce additional new tasks dur-
ing the pre-training stage to evaluate their effectiveness. Besides,
explorations GraphLAMA in more scenarios are also possible, such
as molecular graphs or transportation networks, and mitigating the
model’s hallucination issues is also worth exploring.
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GraphLAMA: Enabling Efficient Adaptation of Graph Language Models with Limited Annotations

A Algorithm

Algorithm 1 Pre-training Stage of GraphLAMA
Input: Pre-training graph Gpre = (V, A, X, S), GNN gy, max
hop number A, hop encodings {ei},};o, TRG and TIG tg, where
¢ is divided into @rel, Piny, and @agg, Prel includes Weel, diny
comprises Miny and Wiyy, ¢agg contains Wagg, projector py, ,

Large Language Model as encoder LLM,,, Task Text Ttl:rsi text
encoding function f;
Output: Well-trained transferable parameters 6, ¢, i, {ei}?:o, a;

Initialize 0, ¢, ¢, {e; };1:0;
for each node v € V do
Extract neighborhood subgraph (N (v), An/(0), X N(2)) from

Gpre of node v;

Xi}?:) — 99(AN(v)» X N(2)) by Eq. (1);

Mye] <— fa(TtI;i);
for each node u € N(v) do
XII;IOP — [XSNN, edist(u,v)] by Eq. (2);
X5t — 15(X,,°P) by Eq. (3);
X, py(XG"<) by Eq. (4
Cy « LLM,, (Su);
end for
Update 6, ¢, ¥, a, {e,-}?:O by self-supervised loss in Eq. (6) and
supervised cross-entropy loss;
end for

Algorithm 2 Adaptation Stage of GraphLAMA

Input: Target graph Grarget = (V, A, X, S), few-shot examples
{(vi, Yo, }g(:l, GNN gy, max hop number A, hop encodings {e; }?zo’
TRG and TIG iy, where ¢ is divided into rel, $iny, and gagg, Prel
includes W], $iny comprises miny and Wipy, fagg contains Wagg,
projector py, Large Language Model as decoder LLM,,, Task Text

target . . .
T - text encoding function fo;

Output: Well tuned parameters for target task and data a, ¢agg;

Ttarget)

Initialize mye) < fo( task

for i = 1tok do
Extract neighborhood subgraph (N (v), A (v), X N(v)) from

gtarget of node v;;

Xi,lflj) — 99(AN(0): X N(0)) by Egs. (1);

for each node u € N(v) do
H
Xu P [XSNN’ edist(u,v)] by Eq. (2);
XG4 — t4(X, ™) by Eq. (3):
X, py (XG"°) by Eq. (4)
end for Proi rareet
Go; — LLMy,[X Aj‘(’lv )+ So. .25 by Eq. (5);
Update mc), $agg, Prel by supervised cross-entropy loss;
end for
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B Dataset Details

Arxiv [24] represents a directed graph depicting the citation net-
work among computer science ArXiv papers. Each paper in the
dataset is categorized into one of 40 specific research fields, with
the classifications provided manually by the authors and verified
by ArXiv moderators. The PubMed dataset [8] comprises 19,717
scientific articles related to diabetes, sourced from the PubMed
database. These articles are systematically classified into three cate-
gories: Experimental Induced Diabetes, Type 1 Diabetes, and Type 2
Diabetes. Furthermore, the dataset features a citation network that
includes 44,338 connections. The Cora dataset [36] contains 25,120
research papers, interconnected through a network of citations.
This expanded version of the Cora dataset includes a total of 70
classes. Wiki-CS [19] constitutes a network of internet links, with
each node depicting a Wikipedia page and each edge denoting a hy-
perlink between pages. The ogbn-products dataset [11] comprises
an undirected and unweighted graph that models a network of
co-purchased products on Amazon. In this graph, nodes symbolize
products available on Amazon, and edges between two nodes sig-
nify that the corresponding products are frequently bought together.
The sources of datasets are list as follows:

e ArXiv: Graph and node content at https://ogb.stanford.edu/
docs/nodeprop/

e PubMed: Graph and node content at https://github.com/
XiaoxinHe/TAPE

o Cora: Graph and node content at https://github.com/WenZhihao666/

G2P2

e Wiki-CS: Graph and node content at https://github.com/
LechengKong/OneForAll

e Products: We get graph data from https://ogb.stanford.edu/
docs/nodeprop/ and get node content from https://github.
com/XiaoxinHe/TAPE

C Baselines

For few-shot classification task, baseline methods can be divided
into two groups. (1) The first group employs discriminative learning
approaches and uses GNN as predictor:GraphMAE [10] employs
self-supervised learning method and designed for cross-domain pur-
pose; All-In-One [28] and GraphPrompt [23] adopt graph prompt
methods and are capable of few-shot learning; Prodigy [13] and
OneForAll (OFA) [19] enable in-context learning on graph data;
G2P2 [36] utilizes natural language prompt methods and integrates
soft-prompt techniques with graph structures. For the baselines
other than GraphMAE, All-In-One, and GraphPrompt, we employed
the standard word2vec method to encode textual information. These
approaches are capable of few-shot classification but not summary
generation. (2) The second group consists of methods that use
LLMs to generate predictions, including Vicuna-7B-v1.5, NLGraph
[34], LLaGA [2], G-Retriever [9] and GraphGPT [30]. Typically, we
describe graph structure as natural language to be the input of
Vicuna and NLGraph, along with node’s text content. The inputs of
GraphGPT include graph tokens for structure information and tex-
tual features. We incorporate few-shot examples into the instruction
prompts during the inference phase for (ICL) tagged models, and
use few-shot data to adjust the parameters of the (Tuned) tagged
models, as suggested by their original papers.
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For zero-shot classification experiments, we compare three groups
of methods as baselines. (1) The first group consists of supervised
GNN, including GCN [7], GAT [33] and Graph-SAGE [15] which
are trained and evaluated on test datasets. (2) The second group
comprises standalone LLMs, specifically Llama2-7B and Vicuna-
7B-v1.5, which only use text contents of nodes for classification
predictions. (3) The third group includes methods that integrate
GNNs with LLMs such as GraphGPT, OneForAll, GIMLET [43],
GraphTranslator [42] and LLaGA. Models in the third group includ-
ing our GraphLAMA are trained on the pre-training datasets and
then directly evaluated on the test datasets.

For summary generation tasks, we select Llama2-7B and Vicuna-
7B-v1.5 as text-only baselines. Additionally, we employ GraphTrans-
lator as a baseline that utilizes both graph structure and textual
information. We ignore GraphGPT in this task, since it fails to
follow the summary instruction.

D Implementation Details

For each graph used in pre-training and testing, we get 128-dimensional

node features through encoding node content with word2vec [25].
The GNN used in Eq. (1) is realized with a three-layer Graph Trans-
former [41] and the hidden dimension is set at 128. For hop encod-
ing, we set it as a fixed-length vector of size 4. During all stages, we
set A as 2 to extract the two-hop subgraph of the target node, and
set the max number of neighbors as 100. We use 132-dimensional
vectors for mjy, and my used in Eq. (3). For f,, we utilize the
“all-MiniLM-L6-v2” version of Sentence-bert. For projector, we im-
plement a fully connected layer for py used in Eq. (4). We utilize
Vicuna-7B-v1.5 as the LLM in our backbone architecture, which
features a hidden dimension of 4096. For Eq. (6), we use cosine
similarity normalization for the term cos(X,, C,,) and magnitude
normalization for the Euclidean distance component 1Xy = Cull?.
We employ the Adam optimizer with a learning rate of 1e-6 for both
the pre-training and adaptation stages. The model is pre-trained
for up to three epochs and undergo adaptation for a maximum of
two epochs. Considering the computational cost in pre-training,
we simply follow the experience in GraphGPT for hyper-parameter
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selection, and use the above setting for all datasets and tasks. All
experiments are conducted on an A800 GPU with 80GB of memory.

E Comparison with Directly Scaling GLMs

We equip GraphGPT with Vicuna-13B-v1.5 [4] and Llama-8B-
v3 [32] for comparison, with results shown in Table 7. Notably,
GraphLAMA uses Vicuna-7B-v1.5 as its LLM. As the results indi-
cate, our method consistently outperforms all other configurations
across the board. The lack of training specifically tailored to graph
data may explain why simply scaling up the LLM’s parameters and
training corpus fails to yield better performance.

Table 7: Comparison between GraphGPT variants and
GraphLAMA .

GraphGPT with | GraphGPT with
Dataset |Shots | Vicuna-13B-v1.5| Llama-8B-v3 |GraphLAMA
(ICL) (ICL)
- 5 51.08+1.21 51.60£2.22 | 74.54+1.61
) 50.84+1.45 51.75¢2.20 | 80.56+2.11
Sways
50 53.73+1.68 52.86+2.22 | 88.96+1.93
. 5 39.95+1.36 39047:134 | 58.61¢1.92
) Ova)Zas 20 39.77+1.69 39.16+1.73 | 69.04+1.69
Y31 50 | 40.25+1.10 40.59+155 | 79.71+1.84
N 5 55.34+1.72 56.08:1.06 | 70.18+2.07
Wiki-CS
fove | 20 55.74+1.60 56.47+1.30 | 76.88+2.30
Y8 50 57.33+2.26 57.72+2.10 | 81.99+1.64
5 50.53+2.10 4921136 | 62.24+2.18
Wiki-CS
owne | 20 49.52+2.30 49.74%1.09 | 68.20+2.40
Y3 50 50.70+1.17 49.92+151 | 75.812.34
5 51.61+1.48 50.27£1.75 | 69.67+1.64
Products
s | 20 51.96+1.43 50.33+2.38 | 72.61+2.19
Y8 50 51.83+2.05 50.09+2.20 | 84.82+1.58
5 36.88+2.45 36.72£2.28 | 58.30+2.17
Products
| 20 36.29+1.43 36.38+1.77 | 64.85+1.86
YS 1 50 | 37.51+1.76 36.71:1.08 | 75.81+1.52
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