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Abstract

Developing open-set classification methods capable of clas-
sifying in-distribution (ID) data while detecting out-of-
distribution (OOD) samples is essential for deploying graph
neural networks (GNNs) in open-world scenarios. Existing
methods typically treat all OOD samples as a single class,
despite real-world applications—especially high-stake set-
tings like fraud detection and medical diagnosis—demanding
deeper insights into OOD samples, including their probable
labels. This raises a critical question: Can OOD detection be
extended to OOD classification without true label informa-
tion? To answer this question, we introduce a Coarse-to-Fine
open-set Classification (CFC) method that leverages large lan-
guage models (LLMs) for graph datasets. CFC consists of
three key components: 1) A coarse classifier that utilizes LLM
prompts for OOD detection and outlier label generation; 2)
A GNN-based fine classifier trained with OOD samples from
coarse classifier for enhanced OOD detection and ID classifi-
cation; and 3) Refined OOD classification achieved through
LLM prompts and post-processed OOD labels. Unlike meth-
ods relying on synthetic or auxiliary OOD samples, CFC em-
ploys semantic OOD data-instances that are genuinely out-of-
distribution based on their inherent meaning, thus improving
interpretability and practical utility. CFC enhances OOD de-
tection by 10% compared to state-of-the-art approaches on
graph domain, while achieving up to 70% accuracy in OOD
classification on graph datasets.

Introduction

Graph neural networks (GNNs) have demonstrated excellent
performance in closed-set scenarios, where the train and test
datasets share the same distributions. However, in many real-
world applications, models are deployed on data containing
previously unseen classes. Traditional GNN methods (Kipf
and Welling 2017; Hamilton, Ying, and Leskovec 2017; Ma
et al. 2024b) typically classify all unlabeled nodes into known
classes, failing to identify nodes that belong to unknown
classes, which degrades overall model performance. Address-
ing this limitation requires the development of models that
can accurately classify in-distribution (ID) samples from
known classes while effectively rejecting out-of-distribution
(OOD) samples from unknown classes. This critical chal-
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Figure 1: Comparison of subspaces of methods without se-
mantic OOD information and our proposed CFC, which incor-
porates such information. Blue regions denote ID subspaces;
other regions show OOD subspaces. CFC provides larger
embedding space (pink), enabling direct OOD identification.

lenge is commonly referred to as the open-set classification
problem.

Recent approaches (Hendrycks and Gimpel 2016; Song
and Wang 2022) to open-set node classification problem (Wu,
Pan, and Zhu 2021) have employed thresholding methods,
using the maximum output probability as a confidence score
to distinguish OOD samples from ID ones. While intuitive,
determining an optimal threshold (Yang, Lu, and Gan 2023)
to separate unknown from known classes is both challeng-
ing and time-consuming (Perera et al. 2020). Another line
of research redefines open-set classification as a closed-set
problem by estimating the distribution of unknown classes
and adjusting the network’s confidence. For example, meth-
ods such as (Ge et al. 2017; Neal et al. 2018; Perera et al.
2020; Zhou, Ye, and Zhan 2021) generate synthetic samples
as OOD, while others, like (Hendrycks, Mazeika, and Diet-
terich 2018; Wang et al. 2023), incorporate auxiliary training
data—referred to as outlier exposure—to train image clas-
sifiers for OOD detection. Building on these works, Zhang
et al. (2023) proposed generating proxy unknown nodes to
simulate open-set data for graph node OOD detection.

While these approaches have mitigated the problem of
OOD detection to some extent, they encounter several chal-
lenges, as follows: i) To enable OOD detection, they require
the use of a large number of synthetic/auxiliary OOD sam-
ples during training, imposing significant computation cost.
ii) Using generated samples or auxiliary training data may not
accurately reflect real-world OOD variations. Accordingly,



these approaches may lack true semantic understanding and
risk overfitting to specific datasets pairs. iii) Without seman-
tic OOD samples that are realistic and meaningful, they fail
to accurately represent the true OOD space, resulting in a
small subspace and sharp boundaries for OOD detection, as
illustrated in Fig. 1 (a). iv) More critically, these methods
often group multiple unknown classes into a single OOD cat-
egory, which significantly reduces their utility. In real-world
scenarios, distinguishing between various unknown classes
is crucial for informed decision-making, efficient data uti-
lization, and performance in high-stakes applications such as
medical diagnosis, autonomous driving, and fraud detection.
For instance, in financial networks, grouping diverse fraudu-
lent behaviors—such as phishing attacks, insider threats, and
money-laundering schemes—into a single unknown category,
oversimplifies their distinctions, hindering the nuanced un-
derstanding required for effective mitigation. This challenge
raises a fundamental question: Can we develop a comprehen-
sive classification approach that seamlessly classifies both
known and unknown classes, without requiring labeled sam-
ples for OODs?

Accurate OOD classification poses significant challenges
due to the uncertainty surrounding potential OOD labels.
Specifically, the OOD domains—whether proximal or distant
from the ID domains—are unknown, and even more so the
number of unknown classes. To overcome this, we map the
graph into text space and propose a Coarse-to-Fine Classifi-
cation (CFC) approach to explore the OOD label space. In
the first step, leveraging the expert knowledge and reason-
ing capabilities of LLMs, we design a coarse classifier by
creating LLM prompts to detect OOD samples on the test
set without prior OOD information and generate potential
outlier class labels. The identified OOD data from the coarse
classifier provides a potential OOD space with semantic in-
formation (i.e., possible meaningful and real-world outlier
classes, such as topics of papers, news domains, etc.). Using
these noisy coarse OOD data, we proceed to the second step:
constructing a GNN-based fine classifier to further detect
OOD samples and perform ID classification. More specifi-
cally, we use a label propagation method to remove falsely
identified OOD samples, and an improved manifold mixup
method (Verma et al. 2019) for OOD data augmentation,
enabling us to effectively predict the distribution of novel
classes. Unlike approaches that rely on additional synthetic
or auxiliary data for training, CFC captures semantic OOD
samples, reducing the distribution discrepancy (Wang et al.
2023) between the training data and real OOD data. As a re-
sult, CFC constructs a larger OOD subspace with a smoother
boundary for OOD detection, as shown in Fig. 1 (b). The
advantages of semantic OOD are further demonstrated by
the improved OOD detection performance achieved with a
small number of semantic OOD samples. Finally, we achieve
OOD classification using LLM prompts designed with a post-
processed OOD label space. It is important to note that we do
not have any true OOD label information. Our contributions
can be summarized as follows:

* Recognizing the critical need for accurately distinguish-
ing between various unknown classes to ensure safety and
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enable effective decision-making in unpredictable environ-
ments, we introduce a novel challenge in the open-world
setting: OOD classification on graphs. This task involves
not only detecting OOD samples but also classifying them
into their respective unknown classes, thereby extending
the scope of traditional OOD detection.

* We propose a general coarse-to-fine classification method
that integrates semantic OOD samples and a potential
OOD label space, enabling the model to effectively per-
form both ID and OOD classification for the open-set
graph node classification problem.

* Our CFC method demonstrates strong performance,
achieving up to a 70% improvement in graph OOD classi-
fication and a 10% improvement in OOD detection com-
pared to baseline methods. Furthermore, the proposed
CFC framework offers a flexible and effective open-set
classification solution that can be easily applied to other
data types.

Related Works

Open-set classification, which identifies unknown classes
while classifying known classes, has been widely studied in
images and text. Representative OOD detection methods can
be broadly categorized into post-hoc detection (Hendrycks
and Gimpel 2016; Liu et al. 2020; Park, Jung, and Teoh
2023), generative model-based approaches (Cai and Li 2023;
Kirichenko, Izmailov, and Wilson 2020; Nalisnick et al.
2018; Neal et al. 2018), and outlier exposure techniques
(Hendrycks, Mazeika, and Dietterich 2018; Wang et al. 2023;
Hu and Khan 2021). Post-hoc models employ various scoring
functions (Liang, Li, and Srikant 2017; Sun and Li 2022; Zhu
et al. 2023; Liu et al. 2020; Huang, Geng, and Li 2021) to
identify OOD samples, but struggle when test label spaces
differ from training, often requiring costly retraining. Gen-
erative methods and outlier exposure approaches attempt to
incorporate synthetic OOD samples or auxiliary data to train
models for OOD detection. However, these generated OOD
samples or auxiliary data often fail to accurately represent
true OOD samples, limiting their effectiveness.

Recently, there has been growing interest in graph open-
set classification (Wu, Pan, and Zhu 2020; Um et al. 2025;
Chen et al. 2025; Ma et al. 2024a). Many classification-based
methods (Song and Wang 2022; Yang, Lu, and Gan 2023;
Wau et al. 2023; Ma et al. 2024a) have been proposed to utilize
structural information for ID classification and OOD detec-
tion. However, these methods are often time-consuming and
lack flexibility. To improve efficiency, several works (Gong
and Sun 2024; Yang et al. 2025; Wu et al. 2023; Wang et al.
2025) employ energy-based propagation schemes to detect
OOD samples. Additionally, Zhang et al. (2023) attempted
to generate synthetic samples to approximate the OOD space.
However, the generated sample distribution often fails to
accurately reflect the true OOD distribution, causing these
methods to struggle with identifying challenging OOD sam-
ples. Importantly, existing open-set classification methods,
including node-level (Bao et al. 2024; Gong and Sun 2024;
Zhang et al. 2024b,a) and graph-level (Yin et al. 2024; Shen
et al. 2024; Guo et al. 2023b; Liu et al. 2023b), typically



identify multiple unknown classes as one OOD label. In this
paper, we propose a more challenging problem: OOD classi-
fication, which involves identifying multiple classes.

Problem Definition and Preliminaries

We study open-set node classification in graphs. Given a
graph G = (V,€) with node set V and edge set &, let
|V| = N. Each node v; € V has a feature vector z; € RY,
forming a feature matrix X € R™V*? and a label vector
yi € {0,1}°, where C is the number of ID classes. Node con-
nections are represented by the adjacency matrix A, where
A;; = 1if (v;,v;) € &, otherwise A;; = 0. We consider
that the full node set V is partitioned into training set Vin,
validation set V), and test set V. In a typical closed-set
node classification task on graph G, with an ID label space
Y =1{1,...,C}, GNN models predict each node in the test
set with a certain ID class in ).

OOD detection in open-set node classification problem.
In open-world scenarios, the test set may contain unknown
class nodes whose labels fall outside the ID label space. Given
a set of ID training samples T = {(z1,y1),-- -, (TnsYn)}s
the goal of OOD detection is to learn a (C' + 1)-class classi-
fier foy1 using 7. This classifier should be capable of: (1)
classifying ID samples into their respective C' ID classes, and
(2) identifying OOD samples as belonging to a single OOD
class.

0O0D classification in open-set node classification prob-
lem. In this paper, we extend the challenge from OOD detec-
tion to OOD classification, formulating it as a comprehensive
open-set classification problem. Specifically, we aim to learn
a (C + u)-class classifier fo,, using T to classify (1) ID
samples into the corresponding C' ID classes, and (2) OOD
samples into u distinct OOD classes. Notably, « is not prede-
fined in the open-set scenario.

Methods

To address the challenges of OOD classification, we must
tackle two critical questions: (1) How can we approximate
the OOD space without labeled information? (2) How can
we derive meaningful outlier class labels?

In this paper, we propose a Coarse-to-Fine open-set Classi-
fication (CFC) framework to progressively achieve advanced
OOD classification. First, we design LLM-based prompts
specifically tailored for coarse-grained graph node OOD iden-
tification. In this step, we leverage the expert knowledge and
reasoning capabilities of LLMs to detect OOD samples rele-
vant to the test domain and generate a candidate OOD label
space. Next, based on the semantic OOD samples identified
by the LLM, we introduce a GNN-based fine-grained clas-
sifier for ID classification and precise OOD detection. This
step enhances granularity by denoising and OOD data aug-
mentation. Furthermore, we provide a theoretical analysis
demonstrating the benefits of integrating semantic OOD sam-
ples and the refined augmentation method, which expand
the OOD subspace and smooth decision boundaries. Finally,
we conduct OOD classification by employing LLM prompts
with the refined OOD label space.
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A Coarse-Classifier with LLMs

Large Language Models, with their extensive knowledge,
have demonstrated impressive zero-shot and few-shot ca-
pabilities, particularly for node classification tasks on text-
attributed graphs (TAGs) (Chen et al. 2023; Guo et al. 2023a;
Chen et al. 2024a), where each node and edge in the graph
is associated with a text sentence. In an open-set setting,
we explore the OOD space by leveraging the capabilities of
LLMs. Using ID labels from the training set, the LLM is
employed to predict whether the label of a test node belongs
to the provided ID label space, acting as a binary classifier to
differentiate between ID and OOD samples.

According to ID label space, we categorize identification
tasks into two types: Easy-Reject and Hard-Reject, as de-
scribed below. We then elaborate on the corresponding LLM
prompts designed to facilitate confidence-aware OOD identi-
fication and to generate the potential OOD label space.

Easy-Reject. This refers to scenarios where the ID classes
in the label space contain a small proportion of their respec-
tive major categories, making it easier to reject ID samples
as OOD class. Building on the existing ID label space, we
prompt the LLM to determine whether the label of the input
test node belongs to the provided ID classes using confidence-
aware prompts (Chen et al. 2023). The confidence score
associated with this identification is essential, as LLM anno-
tations, similar to human annotations, can exhibit a degree
of label noise. This confidence score helps assess the quality
of detection and filter out noisy labels. Since these samples
are likely to be rejected as OOD, we design the LLM prompt
with a restriction: annotate samples as OOD only when the
LLM is highly confident. If the test node is identified as an ID
sample, we prompt the LLM to provide its category within
the specified ID label space. Otherwise, the LLM will offer
an outlier class label beyond the ID label space. Finally, we
obtain the label (ID or OOD), the LLM’s confidence score,
and the category for each test sample, as illustrated in Fig. 2.

Hard-Reject. This refers to cases where the ID classes in
the label space encompass a large proportion of their respec-
tive main categories, making it easier to accept OOD samples
as ID ones. Building upon the existing ID label space, we first
guide the LLM to summarize these classes and identify their
respective major categories. Next, we prompt the LLM to
provide possible outlier class labels that fall within the major
categories but are not included in the ID class labels, creating
a candidate OOD label space. Subsequently, input with the
candidate OOD classes, we use the LLM to determine the
label of the input test node, generate a confidence score, and
provide a predicted category (as illustrated in Fig. 2).

In general, Easy-Reject is used for small coverage and
far-OOD cases, while Hard-Reject is used for large coverage
and near-OOD cases.

GNN-based Fine-Classification

Assume we have obtained a coarse-grained OOD set V,oq
through LLM-based OOD detection. The samples in Vyoq
are semantic OODs with potential categories, and are closely
aligned with the true test OOD space, providing a more rep-
resentative and structured foundation for OOD detection.
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Easy-Reject Prompt

Hard-Reject Prompt
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Paper: [text]

Task: There are following categories: [ID label
space]. Is the topic of this paper in the category
list? Provide your answer and a confidence
number between [0-1].

Choose False only if you are very certain that
the paper does not belong to any of the listed
categories.

If True, specify which category in [ID label
space] the paper belongs to. If False, provide a |
suggested category that is not in the category
list.

[{"answer:":<True or Falses,
<confidence_here>,"category":
<category_here>}]

G

category do these themes

| output [{"answer":

"confidence":
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Q
IGeneruTe 10 possible paper topics that |
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| {"answer": <your_answer>},
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Paper: [text]
Task: There are following categories: [ID label
space]. Is the topic of this paper in the category
list?
o) If True, specify which category in [ID label
| space] the paper belongs to.
| If False, provide a suggested category that is not
| | in the category list. The suggested category
includes but not limited to the following:
[candidate OOD label space, ...].
Provide your answer, a confidence number
between [0-1], and suggested category.
| [{"answer:":<True or Falses>, “confidence™
I <confidence_here>"category": <category_heres}

belong to? I

<your_answer>},

]

——— e ——— — —— —

A: [{"answer:": , "confidence": , "category": }])

=

Figure 2: LLM prompts for Easy-Reject and Hard-Reject OOD detection include both Q(uestion) and A(nswer) contents. The
inputs are [text] (describing the graph node) and [ID label space] (a list of ID categories, e.g., [machine learning, neural networks,

...]). For Hard-Reject OOD detection, we first determine the [Major
then use [text], [ID label space], and [candidate OOD label space]

We further construct a GNN-based classifier with (C' +
1) labels to perform ID classification and OOD detection.
Given that the OOD samples identified by the LLM may
contain some noise (i.e., misclassified ID samples) or be
insufficient in number, we employ a label propagation method
for denoising and utilize an improved mixup method (Verma
et al. 2019; Han et al. 2022) for OOD data augmentation.

Denoising. We correct falsely identified OOD samples
from LLM-based OOD detection using a label propaga-
tion method. We assume the initial label matrix Y'(©) =
[y, ), y;(o), e yé\(,o)] consists of one-hot label indicator vec-
tors for ID training nodes in Vi, and OOD nodes in Vg,
while having zero vectors for unlabeled nodes. By propagat-
ing the labels with the normalized adjacency D' A, the k*"
iteration of label propagation (Zhu 2005; Wang and Leskovec
2020) is formulated as Y'*) = D' AY!(*=1_ At each iter-
ation, the ID training samples are reset to their initial labels:
yﬁ(k) = yé(o),Vi € Viain- This is to maintain the label infor-
mation of the ID training nodes so that the other nodes do
not overpower the original labeled ones, as the initial labels
would otherwise fade away.

After K-order label propagation, we can obtain the label
matrix Y. For candidate OOD samples, their labels are up-
dated using the maximum probability in Y% . We discard
OQOD samples that are predicted as ID in Vo4, and achieve

new OOD set Véod.

OOD Data Augmentation. We consider the practical case
in which LLM just identifies a small number of samples as
OOD. Having a sufficient number of semantic OOD samples
is crucial for representing the OOD space and improving
open-set classification. How to obtain more stable OOD sam-
ples? Manifold mixup (Verma et al. 2019), as a data augmen-
tation method, has been theoretically and empirically shown
to improve the generalization and robustness of deep neural
networks for images, by training neural networks on linear
combinations of hidden representations of training examples.
In this work, we extend manifold mixup to augment OOD
data for improved performance.
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Category] of ID classes and the [candidate OOD label space],
for OOD detection and category generation.

For a well-trained classifier, features of nodes that belong
to the same classes are close to each other, while those from
different classes are distant. Ideally, clear boundaries separate
the different classes. Since nodes whose features are close
to the boundaries are more likely to be less representative
to their own classes, we generate OOD samples using nodes
near the boundary regions.

We collect K nodes with low classification confidence in
the training set. Then, the manifold mixup is applied on these
near boundary nodes and the center of the OOD samples in

V. oq a8

where h* = GNN (A, hk_l) is the hidden embedding with

a GNN encoder, hff is the center embedding of OOD samples,
a > 0 is a hyperparameter to control the distance between
the generated samples and the existing OOD samples. Finally,
we obtain an augmented OOD set V%, = {V. ;, V. } where
V, is the generated OOD set.

ID Classification and OOD Detection. We train a GNN-
based classifier fo11 on training set Vi, and the augmented
OOD set V¢, ; for ID classification and OOD detection. Tak-

ing GCN as an example, a two-layer GCN model can be
formulated as

Z = softmax (A ReLU(AXW(O))W(l)) :

fi=ahf+(1-a)hki<K

Gi=C+1 M

@

where, Z is the GCN’s output predictions, A
D2 (A +1,) D2 is the normalized A + I,, matrix by the
degree matrix D, and W = (W () W) are the weights
of the two-layer GCN model. For graph node classification,
the objective function L is

>

1
Virain UV S

L= y/ log(zi), ()

B |Vlrain U V(‘,lod| viE

where y; and z; are the label and prediction of node v;. We
use the trained GNN-based open-set classifier to predict test



OOD Classification Prompt

Q:

Paper: [text]

Task: There are following categories: [post-OOD label
space].

Which category does this paper belong to? Provide your
best guess with a confidence ranging from O to 1.
Output: [{{"answer": <your_answer>, "confidence": <your
confidence>}}

A: [{"answer": , "confidence": }]
\ J

Figure 3: LLM prompts with [text] and [post-OOD label
space] for OOD classification.

labels and obtain the final predicted OOD set, denoted as
v/

ood*

OOD C(lassification

After detecting the OOD samples, we proceed with OOD

classification for the nodes in V({od, by leveraging the potential
OOD label space (consisting of the possible OOD categories)
discussed in subsection Coarse-Classifier with LLMs.

We employ similarity measures (such as word-level or
semantic-level comparisons, e.g., TF-IDF (Ramos et al.
2003)) to merge similar categories and filter out categories
with too few samples. After post-processing, we obtain a set
of OOD categories, {l1,ls," - ,l,}, forming the post-OOD
label space. We then use LLMs to generate annotations for

the OOD samples in V! based on this post-OOD label space,

ood

as illustrated in Fig. 3.

Theoretical Analysis

In CFC, we integrate augmented semantic OOD samples by
proposing a method to mix the hidden embeddings of samples
from ID classes and coarse OOD samples obtained through
coarse-grained OOD detection. We theoretically demonstrate
the advantages of this approach in extending and flattening
the OOD subspace, which leads to improved OOD detection.

Definition 3.1 (Space Dimension). Given a hypothesis
space H, the space dimension is the rank of the matrix formed
by the set of vectors that span the subspace.

Assumption 3.1 (Feature Space Dimension). Given a fea-
ture space X C R?, assume that the features of X belong to
C distinct classes. Then, the dimension of the feature space
isd—C.

Theorem 3.1 Given an open-set classification task with
an ID label space Vig = {y1, Y2, - - ., yc } and an OOD label
Yood> assume the existence of the ID feature space H and the
00D space H' related to practical test domain. The proposed
CFC, trained on both ID samples and semantic OOD samples
related to the OOD space H, forms a larger subspace with
dimension dim(H + H') — (C + 1), compared to general
methods that lie within dim(H) — (C + 1). Consequently,
CFC results in a smoother and flatter decision boundary for
OOD detection.
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Experiments

In this section, we evaluate the performance of our proposed
CFC method for graph node classification in an open-set set-
ting by investigating the following questions: Q1. How does
the performance of CFC compare to other classification meth-
ods? Q2. What is the effect of different prompts and LLMs
on coarse-grained OOD detection? Q3. How do denoising
and OOD data augmentation in fine-grained OOD detection
affect the performance of CFC? Q4. What is the impact of
the potential OOD label space on OOD classification?

Experimental Settings. In this paper, we utilize widely
used graph datasets from different domains—textual graphs
(Cora (McCallum et al. 2000), Citeseer (Giles, Bollacker, and
Lawrence 1998), WikiCS (Mernyei and Cangea 2020), and
DBLP (Ji et al. 2010)) and non-textual graphs (Amazon-
Computer and Amazon-Photo (Ni, Li, and McAuley
2019))—for open-set node classification. For each dataset,
multiple classes are designated as out-of-distribution (OOD)
classes (i.e., u = 2), while the remaining classes are consid-
ered in-distribution (ID) classes. For the ID classes, 50% of
the nodes are sampled for training. The remaining ID samples
and all OOD samples are split as 40% for validation and 60%
for testing.

For all datasets, we adopt the text-attributed graph ver-
sions from (Chen et al. 2023; Liu et al. 2023a; Chen et al.
2024b). We use four popular large language models (LLMs),
including e5-large-v2 (e5, (Wang et al. 2022)), Sentence
Transformer (ST, (Reimers 2019)), Llama2-7b and Llama2-
13b (Touvron et al. 2023), to generate embeddings as original
input features. We utilize GPT-40 (Achiam et al. 2023) for
detecting OOD samples and generating potential outlier class
labels for coarse-grained OOD identification, as well as for
the final OOD classification. In the coarse classifier with
LLM, we apply a confidence threshold of 0.7 to identify
OOD samples, using Easy-Reject for Cora, DBLP, and Wi-
kiCS, and Hard-Reject for Citeseer, Computer, and Photo. In
fine-grained classification, we generate 100 OOD samples
for text datasets, and over 2000 for Computers and Photo
datasets using improved manifold mixup. We compare our
method with popular closed-set classification methods and
state-of-the-art open-set classification methods, including
GCN_Poser (Zhou, Ye, and Zhan 2021), Gszy (Zhang
et al. 2023), GNNSafe (Wu et al. 2023), NodeSafe (Yang
et al. 2025), and GOLD (Wang et al. 2025).

Comparison With Other Node Classification
Methods

We conducted two tasks: the traditional open-set graph node
classification (ID classification and OOD detection) and the
newly proposed OOD classification (mean accuracy (%) over
5 different runs).

OOD Detection Table 1 presents a comparison of closed-
set and recent state-of-the-art open-set graph node classi-
fication methods for ID classification and OOD detection
across four text-attributed graph datasets. Here, CFC adopts
e5-large-v2 as the feature encoder. We observe that the pro-
posed CFC method outperforms all other baselines across



Methods Cora Citeseer WikiCS DBLP

ID OOD overall| ID OOD overall| ID OOD overall| ID OOD overall
GCN_softmax 90.25 0.0 62.76 |76.15 0.00 38.60 |73.67 0.0 53.01 [91.11 0.0 56.62
GCN_sigmoid 90.64 0.0 63.03 |76.07 0.00 38.56 |60.18 0.00 43.30 [91.54 0.00 56.89
GCN_softmax_7 |81.13 66.98 76.84 |57.64 81.97 69.60 |41.91 58.84 46.68 |79.15 45.14 66.28
GCN_sigmoid_7 | 85.17 62.18 78.16 |67.52 75.41 71.41 |54.13 67.03 57.74 |71.11 61.54 66.31
GCN_PROSER [84.21 71.18 80.65 |71.25 76.01 72.74 |48.13 44.19 46.74 |63.01 68.75 65.18
G2?Pzxy 85.65 72.46 81.63 |71.52 77.30 74.36 |58.40 57.09 58.03 |65.88 62.63 64.65
GNNSafe 79.06 62.92 74.14 |71.43 36.18 53.64 |83.56 73.29 79.59 |93.85 47.25 76.21
NodeSafe 87.93 80.63 85.71 [73.97 53.81 64.03 |86.66 42.99 70.03 [94.52 42.50 74.83
GOLD 87.48 66.54 81.11 [70.33 37.75 53.26 |73.60 32.83 58.12 [94.05 43.68 74.98
GTP-40 72.23 58.08 68.62 |46.82 48.18 47.50 |67.33 67.65 67.43 |84.26 56.78 66.11
CFC (wo/D/M) [85.44 94.50 88.20 |76.59 72.92 74.77 |79.18 81.76 79.91 |75.18 87.62 83.40
CFC (wo /M) 88.63 91.75 89.58 [79.29 67.49 73.44 |80.19 77.13 79.32 |76.25 85.00 82.03
CFC (wo /D) 86.23 94.91 88.87 [72.40 83.00 77.65 |75.15 89.95 79.34 |75.37 88.37 83.96
CFC 87.49 95.74 90.00 | 73.92 80.57 77.21 |80.19 81.89 80.44 | 78.47 86.89 84.03

Table 1: Comparison of different methods for ID classification and OOD detection across four datasets with two OOD classes.
Note that CFC (w/o D/M) refers to the CFC without the Denoising and Manifold Mixup data augmentation techniques.CFC uses

GCN as the backbone for fine classification.

Methods Amazon-Computer Amazon-Photo
ID OOD overall| ID OOD overall
softmax |81.87 0.0 41.98 [82.46 0.0 70.03
sigmoid |73.85 0.0 37.51 |67.55 0.0 57.37
softmax_7 [ 81.84 0.08 41.60 [82.43 0.60 70.10
sigmoid_7 | 14.15 93.11 52.33 |41.20 86.66 47.92
GNNSafe [70.62 42.66 56.86 [69.10 12.85 60.62
NodeSafe |86.73 66.64 76.90 |84.00 48.09 78.58
GOLD 73.18 32.74 52.87 |69.58 3.50 59.61
CFC 78.15 86.54 82.28 |82.81 76.14 81.81

Table 2: Comparison of different methods for ID classifica-
tion and OOD detection across two nontextual datasets.

all datasets by significantly large margins. Specifically, CFC
achieves over or around a 10% improvement over the second-
best in terms of overall accuracy on Cora, WikiCS, and DBLP.
Furthermore, even without denoising and OOD data augmen-
tation, CFC (wo / D/M) delivers comparable or better results
on all datasets compared to other baselines. This suggests
that incorporating semantic OOD information related to true
OOD domain during training benefits the model, which is a
reasonable outcome. Additionally, we observe that GPT-40
recognizes only about half of OOD samples when provided
with the ID label space in most cases, making it unsuitable
for high-stakes applications. The effectiveness of CFC on
non-textual graph datasets is demonstrated in Table 2.

Table 1 provides detailed classification accuracy for both
known (ID) and unknown (OOD) classes. While ID classi-
fication performance slightly decreases compared to closed-
set methods (e.g., from 90.64% to 87.49% on Cora when
comparing CFC to GCN_sigmoid), OOD detection accu-
racy significantly improves from 0% to 95.74%, which is re-
markable. Compared to open-set classification methods such
as G2 Pzy, CFC improves OOD detection accuracy from

72.46% to 95.74%, while also enhancing ID classification
from 82.65% to 87.49% on Cora. The same trend is observed
in other datasets. This shows that CFC better separates known
and unknown classes by using semantic OOD.

OOD Classification Without extra label information, it is
evident that existing closed-set and open-set classification
methods are not equipped to handle OOD classification when
multiple OOD classes are present. Although some methods,
like GCN_Poser and G2 Pzy, generate OOD samples during
training, they struggle to differentiate between various OOD
classes without access to OOD label information. Leveraging
the annotation capabilities of LLMs and special designed
prompt, our proposed CFC method successfully classifies
unknown samples into different OOD labels. Notably, using
the post-OOD label space and GPT-40, we achieve accuracies
of 69.76%, 70.30%, 57.96%, and 48.45% on Cora, Citeseer,
WikiCS, and DBLP, respectively, for two OOD classes.

Impact of Different Prompts and LLMs in
Coarse-Classifier

LLM Prompts. We investigated the effectiveness of using
a constraint (rejecting with high confidence for Easy-Reject
detection and integrating a candidate OOD label space for
Hard-Reject detection) when designing LLM prompts. The
rest of the LLM prompt content remains unchanged. Specifi-
cally, the reject with high confidence LLM prompt instructs
the model to classify an input sample as OOD only when it is
highly confident. The LLM prompt with the candidate OOD
label space provides the model with additional label choices
and encourages consideration of extra labels when making
decisions. As shown in Fig. 4 (a), without the constraint,
OOD performance degrades on AUROC metrics, underscor-
ing the importance of the proposed constraint (Cora utilizes
the reject with high confidence LLM prompt, and Citeseer
uses the candidate OOD label space LLM prompt).
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Figure 4: Ablation study on (a) LLM prompts for OOD identification, (b) Various LLM for OOD identification, and (c¢) LLM
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Figure 5: Study on the effect of (a) the number of identified
OOD samples from coarse-grained classification, and (b)
the number of generated OOD samples by manifold mixup
method for the CFC performance on Cora and Citeseer.

Various LLMs. We conducted experiments with various
LLMs to gain a more comprehensive understanding of their
ability to detect OOD samples. Specifically, we use Llama
(Llama2-7b and Llama3-8b) (Touvron et al. 2023) and GPT-
40 for OOD detection. Llama models use few-shot learning
with one ID and one OOD example; GPT-40 uses zero-shot
learning. All prompts follow the constriction strategy. Results
on Cora and Citeseer (Fig. 4 (b)) show GPT-40 outperforms
Llama, with Llama3-8b slightly better than Llama2-7b.

Impact of Different Strategies in Fine-Classification

We conducted ablation studies to evaluate different strate-
gies, including denoising and data augmentation methods for
GNN-based fine-grained classification under the case u = 2.
As shown in Tables 1, both CFC (wo / D/M) and CFC (wo / D)
models, which exclude the denoising, consistently achieve
lower ID accuracies across all datasets compared to their
counterparts, CFC (wo / M) and CFC with denoising. The
CFC (wo / D) model, which employs the improved manifold
mixup method to generate more OOD data, demonstrates
significant improvement over CFC (wo / D/M) across all
datasets. Manifold mixup serves as a regularizer, encourag-
ing the neural network to make less confident predictions on
interpolated hidden representations. By integrating ID classes
with coarse OOD classes, CFC produces a GNN-based clas-
sifier with smoother decision boundaries across multiple rep-
resentation levels. We also found that data augmentation has
a greater impact than denoising, since the LLM-designed
prompt already helps reduce noise.
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In fine-grained detection, the OOD samples identified from
coarse-grained detection play a crucial role. Given LLMs’
high cost on large test sets, we evaluate how the number
of identified OOD samples affects CFC’s performance. As
shown in Fig. 5 (a), CFC performs well even with few iden-
tified OOD samples, highlighting the advantages of incor-
porating semantic OOD samples. This demonstrates CFC’s
scalability to large datasets, with more identified OOD sam-
ples further improving accuracy on Cora and Citeseer.

Manifold mixup-based data augmentation method is a key
component of CFC. To assess its impact, we examine how the
generated OOD samples influence CFC’s performance. Fig. 5
(b) shows that increasing generated OOD samples improves
performance on Citeseer and maintains stable performance
on Cora.

Impact of OOD Label Space for OOD Classification

We examine the impact of the post-OOD label space in LLM
prompts for OOD classification. Specifically, we evaluate the
performance of LLM annotations with and without the po-
tential OOD label space on the predicted OOD samples from
fine-grained OOD detection. In coarse-grained detection, the
LLM generates potential OOD labels using a general prompt
without the post-OOD label space as a baseline. For datasets
like Citeseer, even when candidate OOD labels are provided,
the label space remains broad and comparable to the general
prompt. Fig. 4 (c) shows that a conditional prompt with a
post-OO0D label space substantially improves accuracy.

Conclusion

We address open-world OOD classification with CFC. LLM
prompts enable coarse OOD detection and construct a candi-
date OOD label space, from which semantic OOD samples
are generated to train a GNN-based fine-grained classifier.
A refined LLM prompt performs final OOD classification.
Experiments demonstrate state-of-the-art OOD detection and
strong OOD classification performance on graph datasets.
CFC assumes graph nodes can be described by text; if not,
LLMs may struggle with OOD detection and classification.
It also depends on the LLM’s knowledge of ID categories. To
reduce reliance on large LLMs, fine-tuning smaller models
on domain-specific data and integrating retrieval-augmented
generation (RAG) into CFC is a promising direction.
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