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Abstract

This paper studies the problem of graph out-of-distribution gener-
alization, which aims to enhance the performance of graph neural
networks (GNNs) under distribution shifts. Existing approaches usu-
ally learn graph representations from a causal graph, which may not
explicitly utilize environment information. Furthermore, they could
suffer from performance degradation when confusing semantics
related to target labels and environments. In this paper, we propose
a novel framework named Dual Prompt Learning with Information
Bottleneck (DATE) for graph out-of-distribution generalization. The
core of our DATE is to utilize dual prompts to extract task-oriented
semantics and model distribution shifts, respectively. In particular,
we first pre-train a GNN using contrastive learning with pretext
tokens introduced. More importantly, we not only introduce a task-
oriented prompt based on LLMs to generate environment-invariant
representations, but also learn the environment-oriented prompts
to simulate subgraphs in different environments. To optimize our
prompts, we introduce a graph information bottleneck framework,
which minimizes the mutual information between environment-
invariant representations and environment semantics with the most
semantics preserved. Extensive experiments on various benchmark
datasets are further conducted to validate the effectiveness of our
DATE against various state-of-the-art approaches.
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1 Introduction

Graph serves as an efficient data structure for modeling intricate re-
lationships in real-world contexts, such as protein interactions [5],
molecular networks [16], and social networks [3, 35, 44]. Learning
from graph-structured data, particularly through graph neural net-
works (GNNs), aims to encode the underlying dependencies within
alatent space and has become a de facto standard in numerous appli-
cations, including drug discovery [11], physics simulation [36], and
recommender systems [23, 43, 45, 46, 49]. However, these models
assume that test and training samples are selected independently
from an identical distribution (i.i.d.). When GNNs are deployed
in new environments with out-of-distribution (OOD) graphs, they
often suffer from poor performance and unstable predictions.
Recently, there has been growing research interest in enhancing
the OOD generalization of GNNs under different environments,
mainly from two perspectives. Data-driven approaches focus on
manipulating the input data, which generates diverse graph in-
stances to enhance generalization. These approaches encompass
strategies like data augmentation [15, 37] and distribution augmen-
tation [27, 42]. In contrast, learning-driven approaches emphasize
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adjusting the model training process by incorporating specific ob-
jectives and constraints for optimization. And nootable methods
include graph (causal) invariant learning [48, 61], model regulariza-
tion [66], and new model architecture [14, 55]. Nevertheless, these
methods still remain unsatisfactory due to the failure to handle the
nuanced variations in the distribution of graph structural properties
and contextual information present in training data.

The judgment of existing limitations arises from two key obser-
vations. Firstly, the environment information in graph OOD general-
ization has not been fully explored. Although acquiring or annotating
environment labels incurs extra costs, it has been demonstrated that
generalization without this supplementary information is theoreti-
cally impossible [26]. Existing methods often rely on a pre-defined
environment codebook to enhance the OOD generalization of GNNs
in unseen environments [13, 56]. Secondly, fail to exploit distribu-
tion shifts in a manner specifically tailored for graph data. Compared
to OOD scenarios in Euclidean spaces, environments within graph
data are characterized by diverse factors. Notably, distribution shifts
in graphs are fundamentally reflected in the changes of structural
associations. However, current methods do not effectively account
for or address these shifts in the context of graph data.

Fortunately, benefiting from massive labeled and unlabeled data,
recent advancements underscore the promising potential of pre-
trained models in capturing rich prior knowledge and improving
domain generalization [1]. Based on the pre-trained model, further
prompt tuning provides an alternative method and focuses on trans-
forming the input data space for model adaptation [22]. Particularly
in the case of GNNs, on one hand, while traditional OOD gener-
alization methods typically rely on encoders trained exclusively
on graph data, we argue that integrating foundation models with
prompt engineering offers a more effective approach to bridge the
semantic gap [7, 33]. On other hand, although some works attempt
to design prompt frameworks for graphs, most of them introduce
randomly initialized parameters as virtual prompts [9, 39]. By in-
corporating environment information as an additional self-prompt,
we can better capture underlying environment-specific patterns in
graph data without predefining scales.

Towards this end, in this paper, we propose Dual Prompt Learning
with Information Bottleneck (DATE) for graph OOD generalization,
which follows the “pre-train and prompt" paradigm to guide the
foundation model towards uncovering invariant features across all
environments. Specifically, in the pre-training stage, we introduce
a pretext token-augmented graph contrastive learning approach,
enabling the model to assimilate structure associations from the
graph data. Then, during the prompt tuning stage, our model em-
ploys the large language models (LLMs) as the enhancer, supplying
the pre-trained model with the essential contextual prompt to ex-
tract the environment-invariant feature. Furthermore, given the
pre-collected environment, we exploit a novel self-prompted learn-
ing mechanism to infer the underlying graph environment and a
graph information bottleneck (GIB) constraint is proposed to elimi-
nate spurious features and preserve environment-invariant features
to achieve generalization. Extensive experiments conducted on var-
ious public datasets further validate the superiority of our DATE in
comparison to extensive baselines.

To summarize, the primary contributions of this paper are out-
lined as follows:
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o Problem Connection. We propose a new perspective that con-
nects prompt learning with graph out-of-distribution gener-
alization, which pioneers a path of leverage language models
to address this problem.

o Novel Methodology. Our DATE is a graph information bottle-
neck framework, which not only introduces a task-oriented
prompt to guide environment-invariant representation learn-
ing, but also leverages environment-oriented prompts to
simulate distribution shifts.

o Extensive Experiments. We perform thorough experiments
on multiple public datasets to systematically evaluate the
framework. Empirical results demonstrate the superior per-
formance of our DATE in graph OOD generalization.

2 Related Work

Graph OOD Generalization. The performance degradation chal-
lenge in graph machine learning under distribution shifts is pri-
marily addressed by the field of Graph Out-of-Distribution gener-
alization through three main strategies. The first, Data Augmen-
tation and Distribution Alignment, utilizes methods like instance
reweighting [50, 65] and the extraction of causal-based invariant
subgraphs [32]. A second strategy, Invariant Model Design, focuses
on acquiring causal-aware representations with domain-invariant
encoders [54, 64]. The third, Optimization Strategies, leverages tech-
niques such as distributionally robust objectives and self-supervised
learning, exemplified by EERM. Complementing these methods,
current evaluation frameworks [12, 17] are in place to assess model
performance across these varied distribution shifts.

Causality & Invariant Learning. Addressing the performance
degradation of GNNs under distribution shifts [25, 31] necessi-
tates moving beyond standard empirical risk minimization. Two
prominent paradigms, causal inference and invariant learning, offer
principled approaches to enhance OOD generalization on graphs.
Causal inference provides tools to model the underlying data gen-
erating processes, identify confounding factors, and estimate true
causal effects, often employing techniques like backdoor adjust-
ment to mitigate bias. In parallel, invariant learning seeks to identify
predictive features, representations, or substructures that remain
stable across diverse environments or domains [6, 20]. The core idea
is that while spurious correlations may vary across distributions,
true causal relationships tend to be invariant [19]. For graphs, this
involves learning representations robust to feature or topological
shifts by minimizing risk variance across environments [41] or
identifying invariant subgraphs [6, 19].

Graph Prompt Tuning. Graph Prompt Tuning enables pre-trained
GNN s to downstream tasks through three primary directions. Feature-
space perturbation methods, represented by GPF [9], introduce
learnable feature perturbations for parameter-efficient adaptation.
Subgraph similarity unification frameworks, such as GraphPrompt
[28], align pre-training and downstream tasks through subgraph-
based prompts. Task reconstruction approaches, exemplified by
GPPT [40], reformulate node classification as edge prediction us-
ing virtual label nodes. To address challenges on complex graph
data, DAGPrompT [8] enhances the GNN encoder and incorpo-
rates hop-specific prompts in node and graph classification tasks.
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In comparison with these works, we leverage dual prompt tuning
to enhance graph out-of-distribution generalization.

3 Preliminary and Problem Definition

Notations. We denote G = (X, A) € G as an attributed graph with
n nodes and m edges, respectively. The node feature matrix can be
represented as X € R"™%4 where row vector x, € R? corresponds
to the feature of node v with dimension d. And we leverage the
adjacency matrix A € R"™" to describe the structure of graph,
where Ay, = 1if an edge (u,0) € G exists between two nodes,
otherwise, Ay, = 0. In the graph classification scenerio, we assign
alabel y € Y for each graph, where c is the number of classes.

Problem Definition. Let D = {(GY, y{)}.cg,,, be a dataset which
can be separated as a training set Dy, and test set Dy, where E,j;
represents the environments and the two sets originate from dis-
tinct distributions, i.e., P (G¢,y¢) # Pte(Ge',ye’),e € &€’ €
Ete, Ete = &\ E4r. In contrast to Euclidean space, where distribu-
tion shifts predominantly manifest in feature vectors, graph space
distribution shifts may involve more complex factors, including
topological transformations. Meanwhile, as demonstrated in bench-
marks like GOOD [12] and DrugOOD [18], environment labels for
graph datasets are often readily accessible. Thus, bypassing the
environmental inference, we directly incorporate this information
for more effective environmental exploitation. Given Dy, with pre-
collected environment labels, our objective is to learn a powerful
GNN model, f*(:) = h*(9"(:)) : G — Y, capable of performing
well across all possible environments:

f* =argmin sup R(fle), (1)

ecEqn
where the GNN model composed of two parts, g(-) and A(-), which
denote the graph encoder and corresponding classifier. Under the
environment e, the empirical risk can be defined as R(fle) =
E¢[L(f(G®),y°)], and L(-, ) denotes a loss function.

4 Method

The overview of our proposed environment-aware framework for
graph OOD generalization is illustrated in Figure 1. Our DATE
comprises three core components. The pre-training phase adopts
an asymmetric graph contrastive learning-based approach (see
Section 4.1) to capture the entire structure associations for the
task. Then, based on the pre-trained GNN, we incorporate the
environment-aware prompt tuning framework (see Section 4.2),
which involves two essential aspects. On the one hand, given the
invariant description of the graph domain (e.g., the task and class de-
scription), we inject the text prompt embedding generated with LLM
for prompt tuning and derive the environment-invariant feature.
On the other hand, we design a set of learnable prompt tokens for
environmental factors and extract the corresponding node-centred
subgraph as the environment graph to capture the data distribu-
tion shift. To enhance generalization, an Information Bottleneck
constraint, which is detailed in Section 4.3, is implemented. This
constraint concurrently serves two objectives: it maximizes the mu-
tual information (MI) between the derived environment-invariant
feature and the graph environment, while simultaneously minimiz-
ing the MI connecting this feature to the environment label.
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4.1 Graph Neural Network Pre-training

In this section, we examine the initial pre-training phase of the
graph encoder. Although a variety of graph-based pretext tasks
can be employed for pre-training, previous research on multi-task
learning has shown that task diversity may introduce interference,
which in turn results in suboptimal pre-training outcomes [47, 63].
To mitigate this issue, we introduce a graph contrastive learning
approach that incorporates the pretext tokens to reformulate the
task input during pre-training, enabling the process to synergize
downstream tasks and alleviate task interference [62]. Specifically,
we put forth two pretext tokens {p* € R4}, « = {1, 2}, with each
pretext token added to the node feature, expressed as:

X ={x1,...,xn}, X*z{xl"'P*,n-:xn"'P*}’ (2)

where the modified feature X™* replaces the original feature to
generate two views of the graph. To avoid the trivial solution, we
apply parameter-unshared simases encoders to conduct the two
pretext tokens [58]. Note that different from the traditional graph
contrastive learning with augmentation [60], we add the pretext
tokens [9] and assume that this perturbation does not affect the
model predictions, the contrastive loss in batch B can be:

( exp(sim(z; 1, zi2)/7) @)

Y6y e s exp(sim(zi1,zi,2)/7) )

1
Ly=-——
T Dy 2,

Gi€Dyr

where z; . = (X}, A;) € R? denote the encoded graph represen-
tation with dimension d’ in two views, sim(+, -) corresponds to the
similarity function and 7 denote the temperature parameter. We
add the cross-entropy loss CE(-) for graph classification to further
synergize the downstream generalization task.

Lee = Z CE(yi, h(zi)), zi = %(Zi,l +2zi2). 4)

i€ Dy,

The pre-training stage yields the optimal model parameters ©*
arg ming (L .j+Lce), which are fixed during the downstream prompt
tuning to facilitate the knowledge transfer.

4.2 Dual Prompt Tuning for Representation
Disentanglement

To effectively capture the generalizable prior knowledge across
environments, we introduce an environment-aware prompt tuning
framework that contains both environment-invariant prompt injec-
tion and environment-disturbed self-prompt tuning on the frozen
pre-trained GNN model.

Task-oriented Prompts for Invariant Learning. Since the LLM
is capable of extracting the semantics from textual descriptions
across environments, we leverage the LLM to assist soft prompt gen-
eration. The text description t can be divided into: dataset overview,
attributes and label, task details, and environment description.
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Figure 1: This figure illustrates the architecture of our proposed DATE framework, which is trained via a two-stage process.
The initial pre-training stage introduces a learnable prompt. Subsequently, during the fine-tuning stage, we froze the pre-
trained GNN model while replacing this learnable prompt with the environment-invariant prompt injection and environment

perturbation self-prompt tuning.

Description Example: You are an expert in drug discovery
and machine learning. The task is graph OOD generalization.
Dataset Overview: The DrugOOD(assay) dataset is derived
from the ChEMBL database ...\n Attribute and Label: In Dru-
gOO0D, a molecule is represented as a graph where graph.x
represents the features of the atoms (nodes) in the molecule,
including atom type, valence, charge, and hybridization. The
label, graph.y represents the ground truth property or label
associated with the molecule, which is the target variable
for prediction tasks. It describe the activity in a specific as-
say, assessing the binding affinity between the drug and
the target. ...\n Task Details: The primary task is to predict
whether the drug-target pair will have a high or low affinity

..\n Environment Description: Graphs in the same assay are
assigned to the same environment.

\

By learning a continuous vector from ¢ via LLM, the general textual
embedding can be denoted asw = LLM(t) € RYL, where dp is the
dimension of LLM token embedding. We align the token embedding
from LLM to the feature space of pre-trained GNN and inject the
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extracted general knowledge as prompt without tuning the LLM,
which can be defined as:

®)

where p. € RY, farrp(+) can be implemented as an MLP in practice,
X, denote the prompted feature. And the environment-invariant
feature can be z. = g(X,, A) € RY .

Pc = f}\C/ILp(W)a Xe={x1+pec,....,xn+pc},

Environment-oriented Prompts for Subgraph Mining. Given
the pre-collected environment labels, we focus on inferring the di-
verse graph patterns as the underlying graph environment. Instead
of partitioning the original graph to obtain the causal subgraph [13],
we design an environment-disturbed subgraph extractor based on
the diverse states of the environment factor. Specifically, we initial-
ize a set of learnable prompts for all environments &;,, denoted
as P, = { pa}lg"l For each node in the graph, we propagate the
environment embedding to disturb the feature:

xQ(pPK)" X=(Pa) ) py
Vi

=xw9 pX = pwK PV = pPW",

Xs =X+ P, P = softmax( ©)

x@
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where W, WK WV ¢ R9%d are the trainable weight matrices, Pg
denoted the propagated prompt output. In general, we assume that
nodes sharing similar prompts should have stronger associations in
the environment-disturbed subgraph [56]. Thus, the environment
correlation matrix S after prompt propagation can be computed as:

Suv = Sim(Ps,u,Ps,v), (7)

where p;, denote the propagated prompt for node v. Consider-
ing t-step association, the environment-disturbed subgraph can be
extracted based on the correlation matrix S:

As =SOI(AY), ®)

where © denotes the Hadamard product between matrix, I is an
indicator function that assigns 1 if the element is greater than 0, and
0 otherwise. The environment-disturbed feature can be encoded as
zs = f(Xs, Ag) € RY.

4.3 Graph Information Bottleneck for Prompt
Learning

Inspired by the GIB principle [51], which compresses the graph
representation to learn minimal sufficient information for effi-
cient label prediction, we employ the GIB to facilitate the above
environment-aware prompt tuning process for graph OOD gen-
eralization [6, 13, 24, 57]. Specifically, we seek to maximize the
Shannon MI between the encoded environment-invariant features
z¢ and the environment-disturbed features z;, while minimizing
the MI between the z, and the environment label e of the graph.
The objective from the GIB perspective can be formulated as:

max I(z, z5) — al(zc, e), 9)
Zc

where a denotes the Lagrange multiplier. In practice, since the
intractability of MI, we transfer to optimize the lower/upper bound
of two constraints. For the first term, we turn to Noise Contrastive
Estimation (NCE)-based MI lower bound [30], which is a well-
known MI estimator, maximizing I(z., zs) can be defined as:

1
e = ] o 20

( exp(sim(z;., zi,s)/T)
26y es exp(sim(zic, ziv 5)/7) |

Gi€Dyr
(10)
For the second term, we reformulate the MI as:
plelzc)
I(zc,e) = L ze) log ———=dedz,. 11
(zc.e) /p(e zc) log O eaze (11)

Since p(e|z.) is intractable, we introduce a variational approxima-
tion q(e|z.) and leverage Kullback-Leibler (KL) divergence Dk to
measure their distance. Then we have Dk (p(e|zc)||q(elzc)) = 0,
which leads to:

I(zc,e) 2/ p(zc,e)logq(elze)dzcde + H(e)
(12)
2/ p(zc, e)logq(e|ze)dzcde,

where H(e) = —fp(e) log p(e)de > 0 denote the entropy of e.
Thus, we reduce to maximizing the cross-entropy loss to minimize
the I(z, e), formulated as:

Le= ) CE(es he(zi0)), (13)

i€Dyy
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where he(-) denotes the environment classifier and e; is the pre-
collected environment label of the graph.

4.4 Overall Optimization

To ensure the encoded environment-invariant feature and environment-
disturbed feature, we further add the training loss for the two
prompt tuning processes, which can be written as:

Le= ) CB(yih(zic), L= ), CE(yih(zis).  (14)

i€ Dy i€ Dy
Finally, we formalize the overall objective as follows:
L=Le+PLs+y(Lnce —aLe), (15)

where f and y are the hyperparameters which are used to control
the weights of each part of the loss, respectively.

4.5 Theoretical Analysis

In this subsection, we present the theoretical analysis of DATE.
Specifically, we highlight the importance of environment-aware
prompt tuning through the generalization error bound, charac-
terized by the excess risk of the test set. We first introduce some
notations and definitions. We aim to learn a powerful GNN model
() = h*(g*(-)), where g*(-) is the graph encoder, and h*(-) is
the classifier. For simplicity, we assume two classes, y € {—1,1},
and define the +1 loss as ¢(-) = £+1(3,y) = —yy. Let Dy and Dy,
denote the training and test sets, respectively. Here, we define ¥o
as the function class without environment-aware prompt tuning,
and Fp as the function class with it. It is crucial to note that the
function class 7o is a subset of ¥p. The risk function of the trained
model f(-) is defined as

L(f) =EG,y)~0,, [L(f(G).y)], (16)
and the test risk as
Lee(f) = E(G,y)~ D, [£(f(G) y)]. (17)
The empirical risks for the training and test sets are given by
A 1
Ih=1pg 2 O (18)
" (GyeD,
and .
Le(f)=p= D, Gy (19)
tel (G y)eDre
The empirical risk minimizers for o and Fp are defined as
fo = argmin I:(f) fp = argmin I:(f) (20)
fefo feFp

Using the empirical risk minimizers, we can further define the
excess risk of fp as follows:

Ro = Le(fo) = inf Lie(f), (21)
and the excess risk of fp as
Rp = Lee(fp) = inf Lee(f) (22)

where ¥ represents the function class containing all possible mod-
els. The function f* = argmin r &Lye (f) is the optimal model that
minimizes the test risk. In other words, the function f* could effec-
tively handle the training and test sets distribution shift with respect
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Figure 2: Environment-oriented subgraph mining visualization. This figure shows a selection of results from extracting
Environment-oriented Subgraphs on the GOOD-Motif. The motif graph is represented by green nodes, the base graph by orange
nodes, and the subgraphs extracted using the Environment-oriented method are indicated by red edges.

to the environment. The excess risk Rp quantifies the generalization follows the GOOD benchmark and consists of graphs with base and
error of the corresponding model trained without environment- motif subgraphs, where the motif shape defines the classification
aware prompt tuning, while Rp quantifies the generalization error label. We test two splits: base split for generalization to unseen
of the model trained with the prompt tuning. base subgraphs and size split for generalization from small to large

graphs. For feature shift sanity checks, we use the semi-synthetic
dataset GOOD-CMNIST from the GOOD benchmark, made of col-
ored MNIST digits transformed via the superpixel technique to test
generalization to unseen colors. Real-world performance is eval-
Ro-Rp>E [ Lre ( fo) —Lse ( fp)] uated across datasets such as GOOD-HIV for molecular property
prediction with scaffold and size splits, DrugOOD LBAP-core-ic50
2log (ZHTP (n)) for assay splits, and natural language processing with GOOD-SST2

- (23) and the similarly structured GOOD-Twitter dataset.

THEOREM 4.1 (GENERALIZATION ERROR BoUND). Considering a
two-class classification problem, where Y = {£1}, we define the
+1loss, +1(9, y) = —ygy. Then, we have

n
where Baselines. We compare our DATE against several baselines: Empir-
ical Risk Minimization (ERM); Adaptive Structure Aware Pooling

Iy(n) = max “{ (FGx1)soos f(xn)) : f € ﬁ’}‘ : (ASAP) [34], a graph pooling method; four traditional OOD base-

X1yen Xy € X}. (24) lines—Invariant Risk Minimization (IRM) [2], Variance Risk Extrap-

T olation (VREx) [21], Domain Adversarial Neural Network (DANN)

is the VC-dimension of ¥p on X. [10], and Correlation Alignment (Coral) [38]; four graph-specific
OOD baselines—Discovering Invariant Rationales (DIR) [52], Graph
Stochastic Attention Mechanism (GSAT) [29], Causally Invariant
Graph Augmentation (CIGA) [6], and Graph Invariant Learning
(GIL) [24]; and two recent graph OOD works: Empowering Graph

Theorem 4.1 establishes a generalization error bound for models
trained with and without environment-aware prompt tuning. The
bound is determined by the difference in excess risks, E[Lte (fo) -

Lie (fP)]; Sinfe ?OA < ﬁ% E[Ltr (fo) — Lir (fP)] > 0. On test Invariance Learning with Deep Spurious Infomax (EQuAD) [59]
data, E[Lte (fo) — Lee( fp)] is expected to be even larger, as the and Joint Learning of Label and Environment Causal Independence
environment-aware prompt tuning in Fp promotes better gener- for Graph Out-of-Distribution Generalization (LECI) [13].

alization compared to Fp. The bound also incorporates the VC-
dimension of Fp on X, which reflects model complexity. Typically,
the VC-dimension depends on the number of model parameters [4].
When the number of parameters is comparable to the sample size,
the VC-dimension remains small. In conclusion, Theorem 4.1 pro-
vides a theoretical guarantee that models with environment-aware
prompt tuning generalize better than those without.

Implementation. Following previous research, we implement the
standard three-layer GIN [53] as our GNN model. We enhance
the GIN by incorporating virtual nodes to address the size-shift
challenges presented by GOOD-Motif (size), GOOD-CMNIST, and
real-world datasets. This additional node aggregates global informa-
tion that is otherwise difficult to capture. We employed a 200-epoch
training on DATE, with the initial 150 epochs serving as a pre-
training phase, followed by the subsequent 50 epochs dedicated to
prompt-tuning. The temperature parameter for LLMs was set to
5.1 Experiment Setup zero to eliminate output randomness, thereby mitigating instability
during the training process.

5 Experiments

Datasets. We evaluate our proposed DATE across a diverse set
of datasets, including synthetic, semi-synthetic, and real-world

datasets, to assess its performance under various shift scenarios. We 5.2 Performance Comparison
employ synthetic and semi-synthetic datasets to analyze structure We conduct a rigorous examination of the OOD performance of
and feature shifts performance. The synthetic dataset, GOOD-Motif, our proposed DATE across both real-world and synthetic datasets.

8925



DATE

MM °25, October 27-31, 2025, Dublin, Ireland

Table 1: Performance comparison on real-world datasets, evaluated using accuracy for the GOOD-SST2 and GOOD-Twitter
datasets, and ROC-AUC for the GOOD-HIV and DrugOOD datasets.

GOOD-SST2 GOOD-Twitter GOOD-HIV (scaffold) GOOD-HIV (size) DrugOOD (assay)

Methods ID [0]0))) ID (01000} ID (600} ID O0OD ID [0]0)))
ERM 78.37 (2.64)  80.41(0.69) 54.93(0.96)  57.04 (1.70)  69.61(1.32) 7037 (1.19)  61.66 (2.45)  57.31(1.06)  70.03 (0.16)  72.18 (0.18)
IRM 79.73 (1.45)  80.17 (1.52)  55.27 (1.19)  57.72(1.03)  73.35(230)  70.89(0.29) 5852 (0.86)  60.86 (2.78)  71.56 (0.32)  72.69 (0.29)
VREx 79.31 (1.40) 80.33 (1.09) 56.46 (0.39) 56.37 (0.76) 71.73 (3.51) 71.18 (0.69) 58.39 (1.54) 60.10 (0.29) 70.22 (0.68) 72.32 (0.58)
Coral 78.24 (3.26)  80.97 (1.07)  56.57 (0.42)  56.41(1.76)  71.19(2.92)  71.12(2.92) 61.48(4.76)  62.01(1.05)  70.09 (0.82)  72.26 (0.54)
DANN 78.74 (0.82)  80.36 (0.61)  55.52(1.27)  55.71(1.23)  69.88 (3.66)  72.25(1.59)  61.37(0.53)  60.04 (1.11)  69.83 (0.95)  72.23 (0.26)
ASAP 78.51 (2.26)  80.44 (0.59)  56.10 (0.56)  56.37 (1.30)  69.97 (2.91)  68.44 (0.49)  61.08 (2.26)  61.54 (2.53)  68.02(1.22)  71.73 (0.39)
DIR 77.65(0.71) 8150 (0.55)  55.32(1.58)  56.81(0.91)  65.84 (1.71) 6859 (3.70)  59.69 (1.69)  60.85 (0.52)  67.29 (0.73)  69.70 (0.65)
GSAT 79.25 (1.09)  80.46 (0.38)  55.09 (0.66)  57.00 (0.53)  71.55(3.58) 7139 (1.41)  60.24 (3.88)  62.56 (1.76)  71.01(0.54)  72.06 (0.45)
CIGA 80.37 (1.46)  81.20(0.75)  57.51(1.36)  57.19(1.15)  66.25(2.89) 71.47(1.29) 5824 (3.78)  62.56 (1.76)  67.68 (1.14)  70.54 (0.59)
LECI 82,93 (0.22) 83.44(0.27)  59.35(0.15)  59.64 (0.15)  74.04 (0.65) 74.43(1.69)  64.83 (2.59)  65.44 (1.78)  72.67 (0.46)  73.45 (0.17)
EQuAD 83.11(1.97)  82.18(0.81)  58.71(1.55) 57.65(1.37) 7522 (2.85)  70.97 (2.19)  63.62(3.72)  62.10 (1.83)  73.20 (1.23)  71.31(0.52)
Ours 85.32 (0.33) 84.21(0.51) 62.13(1.27) 61.79 (1.09) 79.27 (1.89) 75.03 (1.12) 77.31(0.78) 66.55 (0.68) 74.31(1.07) 74.54 (0.62)

Table 2: Comparison of performance on synthetic datasets. LLM Model

The results are measured by accuracy on OOD validation set. llama3.2-1b == llama3.2-3b (Ours) llama3.1-8b

e 75.0375.13 4547509
GOOD-Motif GOOD-CMNIST 73.21 72.88
basis size color covariate 9
ERM 6093 (11.11) 5663 (7.12)  26.64 (3.27)  57.56 (9.59) 9 ° 67.74
IRM 64.94 (4.85) 54.52(3.27)  29.63 (2.06)  58.11 (5.14) < 66.55
VREx 61.59 (6.58)  55.85(9.42)  27.13(2.09)  48.78 (7.81) Qe
Coral  61.95(10.36)  55.80 (4.05)  29.21(6.87)  57.56 (9.59) 2 62.36
DANN 5062 (4.71)  46.61(3.78)  27.86 (5.07)  57.56 (9.59) w0
ASAP 45.00 (11.66)  42.23 (4.20) 23.53 (6.07) 57.56 (9.59)
DIR 3439 (2.02) 43.11(2.78)  25.32(2.50)  44.67 (3.01) o
GSAT 62.27 (8.79)  50.03 (5.71)  27.06 (5.17)  68.22 (7.23) GOOD-HIV(scaffold) GOOD-HIV(size) DrugOOD(assay)
CIGA 37.81(2.42) 51.87(5.15)  25.06 (3.87  56.78 (2.99) Dataset
LECI 84.56 (2.22)  71.43(1.96) 51.80(2.70)  83.20 (5.89)
EQuAD 73.10 (3.32)  70.33(4.36)  52.31(3.20)  78.99 (1.87) Figure 3: Comparative Performance of LLMs with varying
parameter sizes on GOOD-HIV (scaffold), GOOD-HIV (size),

Ours  84.77(2.11) 73.28(1.31) 72.01(2.98) 83.53 (3.92)

Table 1 details the performance on four real-world datasets, for each
dataset, ID and OOD denote the results on ID and OOD validation
sets. Table 2 presents the accuracy on two synthetic datasets: GOOD-
Motif and GOOD-CMNIST. Our DATE outperforms all baselines
on the synthetic datasets under various distribution shift scenarios,
including basis, size, and color shifts in GOOD-Motif, and covariate
shift in GOOD-CMNIST. These results confirm the efficacy of DATE
in handling both structural and feature shifts within synthetic en-
vironments. The performance improvement of our method in both
real-world and synthetic environments demonstrates its potential
to handle complex distribution shifts in different data modalities.
The results suggest that our method is particularly effective in real
world scenarios with significant distribution shifts. In synthetic
data, the consistent outperformance in the face of various shifts,
such as size, color, and covariate shifts, also indicates that DATE is
robust against different types of distribution shifts.

Ablation Studies. We further perform ablation experiments in
this section to evaluate the contribution of the components for

8926

and DrugOOD (assay) dataset.

our proposed model. In particular, we introduce six model vari-
ants as follows: (1) DATE w/o L, which removes the LLM-based
prompt generation; (2) DATE w/o E, which removes environment
information utilization; (3) DATE w/o I, which removes informa-
tion bottleneck loss function; (4) DATE w/o V, which removes the
prompts for invariant representations; (5) DATE w/o S, which re-
moves the subgraph strategy; (6) DATE w/o C, which removes the
cross-entropy loss during prompt-tuning phase.

We present the results in Table 3. These results indicate that
each component contributes positively, highlighting their syner-
gistic integration, such that the removal of any single module can
disrupt the model’s theoretical guarantees for generalization. Both
LLM-based prompt generation (L) and environment subgraph uti-
lization (E, S) contribute significantly to performance. Environment
information (E) plays a particularly crucial role for OOD general-
ization; its removal leads to greater performance degradation than
removing the cross-entropy loss (C). This is because lacking valid
environment information fundamentally destabilizes the training
process for separating invariant and variant features (similar poor
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Figure 4: Parameter study on GOOD-Motif and GOOD-Twitter dataset. The impact of hyperparameter variations on the results

shows an almost consistent trend.

Table 3: Results of Ablation studies in terms of ROC-AUC on
different datasets. Evaluate on validation set.

Model GOOD-HIV (scaffold) GOOD-HIV (size) DrugOOD (assay)
DATE w/o L 72.97 (| 2.06) 61.41 (| 5.14) 71.32 (| 3.22)
DATE w/o E 68.48 (| 6.55) 60.84 (| 5.73) 70.33 (| 4.21)
DATE w/o I 70.59 (| 4.44) 60.17 (| 5.21) 70.52 (| 4.02)
DATE w/o V 69.73 (| 5.30) 60.71 (| 5.84) 68.11 (| 6.43)
DATE w/o S 72.63 (| 2.40) 63.38 (| 3.17) 73.17 (| 1.37)
DATE w/o C 73.58 (| 1.45) 64.08 (| 2.47) 72.50 (| 2.04)

DATE (Full Model) 75.03 66.55 74.54

performance was observed when using randomized environment
labels), whereas the inherent structure guided by LLM task prompts
retains partial classification capacity even without direct CE loss
optimization. The dual-branch structure (implicitly involving V
and I) is effective for capturing distinct feature types. Subgraph
extraction (S) further refines environment information utilization.
Finally, the information bottleneck loss function (I) positively influ-
ences performance by promoting the disentanglement of feature
representations, contributing to the model’s robustness.

Parameter Sensitivity. We conduct a systematic examination to
quantify the model’s parametric sensitivity with respect to critical
hyperparameter configurations, including the global regulariza-
tion magnitude y and the optimization weights a. We tested our
model on GOOD-Motif and GOOD-Twitter. The results are shown
in Figure 4. Experiments show that an overly large y degrades
performance due to excessive information compression, with an
optimal value around 0.2. Parameter o’s optimal value is around 0.3,
balancing two objectives: first, to maximize the mutual information
shared by environment-invariant and variant features; and second,
to minimize the mutual information between the invariant features
and the corresponding environment label.

Subgraph Mining Visualization. As illustrated in Figure 2, DATE
accurately extracts environment-related subgraphs from complex
graph structures. This extraction process is guided by environment-
oriented prompts, which isolate the substructures within the graph
that are most pertinent to specific environmental contexts. The
efficacy of this subgraph extraction is important for the extraction
of environment-invariant features. Subgraph mining disentangle
environment-specific factors from the underlying core features of
the graph, leveraging the information bottleneck principle to isolate
and refine environment-invariant features.
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(a) ERM (b) LECI

(c) DATE

Figure 5: UMAP visualization of graph features on the GOOD-
Motif dataset.

LLM Scale Evaluation. To evaluate the performance of DATE with
LLMs of varying scales, we conducted experiments using LLMs of
varying scales (1B, 3B and 8B parameters). The results in Figure 3
indicate that larger LLMs achieve higher performance on the OOD
set. Although both models remain functional, the 1B variant ex-
hibits significantly larger performance degradations than its 3B
counterpart. While performance improves with increasing scale,
the 3B model presents a favorable balance between effectiveness
and efficiency. Consequently, we chose this model for integration
into our framework.

UMAP Visualization. We apply UMAP to the features extracted
from the GOOD-Motif dataset to elucidate the feature space learned
by different models. As shown in Figure 5, our DATE produces
features where these categories are clearly separated with minimal
overlap. These observation indicating DATE can extract higher
degree of intra-class similarity and a tighter clustering of features
belonging to the same category.

6 Conclusion

In this paper, we have presented DATE, a novel approach for ad-
dressing graph out-of-distribution generalization through dual
prompt learning with information bottleneck. The key contribu-
tions of our work include: a contrastive pretraining strategy with
pretext tokens, the introduction of dual prompts leveraging LLMs
for environment-invariant representations, and a graph informa-
tion bottleneck framework that optimally balances semantic preser-
vation with environment independence. Our results on multiple
public benchmark datasets further demonstrate that our proposed
DATE consistently outperforms state-of-the-art methods. In future
works, we plan to extend our proposed DATE to more complicated
scenarios such as multimodal graphs and protein function analysis.
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