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Abstract—This paper focuses on a significant yet challenging
task: out-of-distribution detection (OOD detection), which aims
to distinguish and reject test samples with semantic shifts, so
as to prevent models trained on in-distribution (ID) data from
producing unreliable predictions. Although previous works have
had decent success, they are ineffective for real-world challenging
applications since these methods regard all unlabeled data as
OOD data and ignore the case that different datasets have
different label granularity. For example, “cat” on CIFAR-10 and
“tabby cat” on Tiny-ImageNet share the same semantics but have
different labels due to various label granularity. To this end,
in this paper, we propose a novel Adaptive Hierarchical Graph
Cut network (AHGC) to deeply explore the semantic relationship
between different images. Specifically, we construct a hierarchical
KNN graph to evaluate the similarities between different images
based on the cosine similarity. Based on the linkage and density
information of the graph, we cut the graph into multiple
subgraphs to integrate these semantics-similar samples. If the
labeled percentage in a subgraph is larger than a threshold,
we will assign the label with the highest percentage to unlabeled
images. To further improve the model generalization, we augment
each image into two augmentation versions, and maximize the
similarity between the two versions. Finally, we leverage the
similarity score for OOD detection. Extensive experiments on two
challenging benchmarks (CIFAR-10 and CIFAR-100) illustrate
that in representative cases, AHGC outperforms state-of-the-
art OOD detection methods by 81.24% on CIFAR-100 and by
40.47% on CIFAR-10 in terms of “FPR95”.

Impact Statement—As an effective method to detect outliers,
out-of-distribution detection (OOD detection) has attracted more
and more attention. However, previous works regard all unla-
beled data as OOD data and ignore the case that some unlabeled
samples might have similar semantics with labeled data, which
might render their methods ineffective for real-world challenging
benchmarks. We construct a hierarchical KNN graph to evaluate
the similarities between different images. Moreover, our method
outperforms the state-of-the-art works by about 81.24% in
representative cases. With satisfactory performance on multiple
datasets, our proposed method has wide potential applications.

Index Terms—Out-of-distribution Detection, Adaptive Hierar-
chical Graph Cut, Intra-subgraph Label Assignment
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I. INTRODUCTION

Deep Neural Networks (DNNs) have achieved great success
under a closed-set assumption [1], [2], where all the samples
experienced during the test have been seen during training
[3], [4]. Traditional DNN methods compulsorily classify every
sample as some of the known classes. The wrong classification
of outliers will lead to irrecoverable losses in some safety-
critical scenarios. To avoid these losses, out-of-distribution
(OOD) detection [5] is proposed to accurately detect the
outliers from OOD classes and correctly classify the samples
from in-distribution (ID) classes during testing.

The main challenge for OOD detection is that no informa-
tion about OOD classes is available during training, making
it difficult to distinguish ID and OOD samples. To address
the challenges, many works [7]–[12] calibrate the distribution
of the softmax layer for OOD detection. Other methods
[13]–[16] target leveraging many OOD samples to learn the
discrepancy between ID/OOD samples at training time, then
detect the OOD samples during testing. Although most OOD
detection methods have achieved remarkable performance,
they tend to perform unsatisfactorily in real-world artificial
intelligence (AI) applications since they simply treat a labeled
dataset as an ID dataset while regarding all other datasets
as an OOD dataset. The treatment is inappropriate in many
AI applications since an unlabeled dataset usually contains
some ID images. As shown in Fig. 1(a) and 1(b), both
the Tiny-ImageNet dataset and the CIFAR-10 dataset contain
“cat” samples: The Tiny-ImageNet dataset contains three fine-
grained classes (“Tabby Cat”, “Egyptian Cat”, and “Persian
Cat”), while the CIFAR-10 dataset only contains a coarse-
grained class (“Cat”). Although these samples actually share
the same semantics, many methods [17]–[21] regard them as
different distributions in Fig. 1(c), which will severely limit
their real-world performance since they ignore the relationship
between labels with different granularity. To overcome the
above limitation, [6] re-designs semantically coherent out-of-
distribution detection (SC-OOD) benchmarks and proposes the
UDG framework based on K-means clustering to dynamically
filter ID samples from the unlabeled datasets. Although [6]
finds there are some ID samples in unlabeled datasets, the
relationship between fine- and coarse-grained classes is still
overlooked. Since semantically coherent classes are treated
as different classes, the dynamical K-means clustering often
assigns wrong labels to unlabeled OOD samples, which results
in unsatisfactory performance, as shown in Fig. 1(e). There is
still a large room to deal with OOD detection in real-world
multi-granularity datasets.
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Fig. 1: (a) Relationship between labeled/unlabeled dataset
and ID/OOD dataset. (b) Relationship between coarse- and
fine-grained labels. In fact, “Tabby cat”, “Persian cat” and
“Egyptian cat” belong to the “Cat” class. (c) Previous meth-
ods ignore the relationship between coarse- and fine-grained
samples, and mistakenly treat unlabeled ID samples (Persian
cat) as OOD. (c) Brief framework of our proposed AHGC
network, detailed in Fig. 2. (d) Performance comparison (lower
FPR95 value means better performance) between state-of-the-
art methods and our AHGC on two semantically coherent
out-of-distribution detection benchmarks [6]: CIFAR-10 and
CIFAR-100. Best viewed in color.

To address the multi-granularity OOD detection task, we de-
sign a novel adaptive hierarchical graph cut network (AHGC)
to explore the relationship between coarse-grained and fine-
grained classes with the same semantics in Fig. 1(d). Specifi-
cally, to mine the ID label information, based on the labeled
dataset, we first train a feature encoder and a labeled classifier
jointly for ID classification. Then, a hierarchical KNN graph is
constructed to compute the cosine similarity between different
images. Besides, we leverage the ground-truth labels in the
labeled dataset as supervision to compute the linkage and
density of the graph. Based on the linkage and density infor-
mation, we cut the graph into multiple subgraphs by removing
low-weight edges from the graph. By the above graph cut
operation, these high-similarity samples are clustered to the
same subgraph, while low-similarity samples are assigned to
different subgraphs. If the labeled percentage in a subgraph is
larger than a predefined threshold, we will assign the label with
the highest percentage to unlabeled images. To enhance the
image features, we re-extract the image feature after moving
the unlabeled images into the labeled images. To further

improve the model generalization, we first map the enhanced
features to a lower-dimensional logit space. Then, we augment
each image into two augmentation versions, and maximize
the similarity between the two versions. Finally, given any
unlabeled sample, we utilize the energy-based approach with
temperature-scaled logits for OOD detection.

The main contributions of this paper are as follows: 1) We
present a novel adaptive graph cut network, AHGC, which
deeply explores multi-granularity semantics between different
datasets. To the best of our knowledge, it is the first time
that a graph cut network is designed to detect OOD samples
and classify ID samples simultaneously. 2) We propose an
attention-aware graph cut approach to integrate the images
across granularity. Besides, we design an iterative labeling
strategy to encourage semantic alignment between different
samples in the same subgraph in each epoch. Also, we
augment each image into two versions and maximize their
similarity for model generalization. 3) We conduct extensive
experiments on two challenging benchmarks (CIFAR-10 and
CIFAR-100), where our proposed AHGC outperforms state-
of-the-art OOD detection methods with clear margins. In rep-
resentative cases, AHGC outperforms all state-of-the-art OOD
detection methods by 81.24% on the CIFAR-100 benchmark
and by 40.47% on the CIFAR-10 benchmark in terms of
“FPR95”, demonstrating its effectiveness.

II. RELATED WORKS

A. Out-of-distribution Detection

Out-of-distribution detection (OOD detection) targets to
detect test samples from distributions that do not overlap with
the training distribution. Previous OOD detection methods [7]–
[16], [22], [23] can be divided into four types: classification-
based methods [5], [7], [19], [24], density-based methods [25],
[26], distance-based methods [10], [27] and reconstruction-
based methods [28], [29]. 1) Early works mainly refer to a
classification framework, which utilizes the maximum softmax
probability to determine the ID/OOD samples. For example,
by a two-step training process, [11] jointly learns generalizable
OOD features and ID features with a minimal twist in a
regular multi-class DNN classifier. By using an auxiliary
outlier dataset during training, POEM [30] selects informative
outliers that are close to the decision boundary between ID
and OOD samples. 2) To more explicitly model ID samples,
density-based methods leverage the probabilistic models for
OOD detection. These methods are based on an operating
assumption that OOD samples have low likelihoods whereas
ID samples have high likelihoods under the estimated density
model. For instance, ConjNorm [31] introduces a novel
Bregman divergence-based theoretical framework to design
density functions in exponential family distributions. 3) The
distance-based methods are under an intuitive idea that OOD
samples should be relatively far away from the centroids of ID
samples. For example, [10] first utilizes a generative classifier
under LDA assumption, and then uses the minimum Maha-
lanobis distance to all class centroids for OOD detection. 4)
The reconstruction-based methods often leverage the encoder-
decoder framework, which is trained on only ID samples and
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generates different outcomes for OOD detection. For instance,
MoodCat [29] is proposed to first mask a random image region
and then determine the OOD samples based on classification-
based reconstruction results.

The above methods simply define one dataset as ID and all
the others as OOD, which neglects the relevant semantic infor-
mation between different datasets. To overcome the drawback,
[6] re-designs these off-the-shelf popular benchmarks into two
challenging and proper benchmarks, SC-OOD, and proposes
a clustering-based network, UDG, for OOD detection. Unfor-
tunately, although UDG can separate some ID samples from
unlabeled datasets, its clustering strategy cannot sufficiently
understand the relationship between datasets with different
granularity, which causes it to not correctly assign correct
labels to unlabeled ID samples. In this paper, we design a
novel hierarchical graph cut framework to fully understand
the relationship between different samples to widen the gap
between ID and OOD samples.

B. Graph Neural Networks

As an important type of DNNs, graph neural networks
(GNNs) [32], [33] have been a topic of significant interest
in the field of deep learning in recent years. Due to their
satisfactory performance in many areas, GNNs have attracted
more and more research attention. GNNs target extending
neural networks to deal with graph-structured data based on
the similarity between different samples. To process these
graph-structured data, GNNs often iteratively update each
node feature by aggregating feature similarity with its neighbor
nodes. Previous GNN-based methods refer to the closed-set
assumption, and cannot be used in the challenging OOD de-
tection task. Since GNNs can effectively evaluate the similarity
between samples, we design a novel adaptive hierarchical
graph cut network to distinguish ID and OOD samples for
OOD detection.

III. PROBLEM STATEMENT AND NOTATIONS

The OOD detection task aims to detect outliers from the
intended data distribution, to prevent models trained on ID
samples from producing arbitrary predictions for OOD sam-
ples. For a benchmark with labeled and unlabeled datasets, we
denote the labeled dataset as DL and the unlabeled dataset as
DU , respectively1. Most previous works [7], [8], [34] assume
that all the unlabeled samples in DU are OOD samples, while
all the ID samples are in the labeled dataset. However, real-
world unlabeled dataset DU is a mixture of ID samples and
OOD samples, i.e., some unlabeled samples in DU share the
same semantics with labeled samples in DL, while the others
have different semantics. Thus, we aim to mine the deep
semantic features of labeled and unlabeled datasets. On the
challenging SC-OOD benchmarks, training set D consists of
labeled training set DL and unlabeled training set DU . For the
unlabeled dataset DU including ID set I and OOD set O, we
target to widen their distance for detecting OOD set O.

1In this paper, superscripts L and U denote labeled and unlabeled samples,
respectively; superscripts I and O denote ID and OOD samples, respectively.

All the labeled samples in DL belong to I, while DU

is a mixture of partial ID set DU
I from I and OOD set

DU
O from O. Therefore, the training set is represented as

D = DL ∪DU
I ∪DU

O , where DL ⊂ I, DU
I ⊂ I and DU

O ⊂ O.
Similarly, for the test set, we have T = TI ∪ TO, where
TI ⊂ I and TO ⊂ O. For the labeled dataset DL = (XL, Y L)

with NL samples from R classes, we have XL = (xL
i )

NL

i=1

and labels Y L = (yLi )
NL

i=1, where xi denotes the i-th labeled
sample and yLi ∈ {1, 2, . . . , R} is its corresponding label.
Also, we collect an unlabeled dataset DU = (XU ) with NU

samples XU = (xU
j )

NU

j=1. A carefully-designed model should
not only accurately detect OOD samples from DU , but also
correctly classify ID samples from DL and DU into R classes.

IV. ADAPTIVE HIERARCHICAL GRAPH CUT NETWORK

We present our proposed AHGC network in Fig. 2, where
we cluster labeled and unlabeled images into multiple sub-
graphs and assign proper labels to unlabeled ID images based
on density and linkage within each subgraph.

A. Feature Encoder and Classifier on Labeled Datasets

Following [6], we use ResNet-18 [35] to extract image
features. For any sample xL

i (or xU
j ), we denote its feature

as fL
i ∈ Rd×1 (or fU

j ∈ Rd×1), where d denotes the feature
dimension. Since only the labeled datasets contain the known
label information of ID samples, we design a classifier to
learn the label information for the ID classification task. We
target to train the feature encoder F and a classification head
CL simultaneously. Given the image-label pairs (XL, Y L), we
train the ID classifier with the feature encoder by the following
loss:

LL
0 = LCE(X

L, Y L, θF , θC), (1)

where θF is a learnable parameter in F , θC is a learnable
parameter in CL, and LCE(·) denotes the standard cross-
entropy loss. Based on LL

0 , we can jointly train the feature
encoder and the classifier for labeled images. After training the
classifier, we can understand the relationship between labels
and samples for the following process.

B. Single-level Graph Cut Mechanism for Base Model

To measure the similarity between different images, we
first construct a graph by combining all images (both labeled
samples fL

i and unlabeled images fU
j ). By jointing labeled

image features and unlabeled image features, we can obtain
the feature set F = {fL

i }N
L

i=1 ∪ {fU
j }NU

j=1 = {fi}Ni=1, where
N = NL +NU denotes the total image number. Then, based
on the cosine similarity, we seek K-nearest neighbors of each
image to construct an affinity graph G = {V,E}, where V
is the vertex set containing all images (i.e., |V | = N ), and
E is the edge set. In real-world benchmarks (e.g., SC-OOD),
each image entails one core object, which is represented as
a node in the constructed graph G, with the corresponding
image feature as the node feature. Each node is connected to
its k neighbors by the edges.
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Fig. 2: Overview of our AHGC. We color labeled data flow as red and unlabeled data flow as blue. Best viewed in color.

We introduce a function ϑ(·, ·) to construct the edge subset
E′ ⊂ E, where E′ = ϑ(G,F ). The graph G can be updated as
G′ = {V,E′}, which is divided into multiple subgraphs, and
each subgraph corresponds to a cluster of nodes. By the above
graph cut paradigm, we design the KNN graph cut approach.

C. Hierarchical Framework for Multi-granularity Graph Cut

Real-world AI applications adopt different labeling criteria,
and different image datasets often offer various labels from
a variety of granularity perspectives. For example, on the
CIFAR-10 benchmark in Fig. 1(b), the cat only contains a label
(“Cat”), while in the Tiny-ImageNet dataset, the cat is divided
into three labels (“Tabby Cat”, “Egyptian Cat”, and “Persian
Cat”). Thus, we should deeply understand each image and ex-
plore the similarities between images. Unfortunately, previous
OOD detection methods [6], [17] ignore this multi-granularity
situation, which severely degrades their performance in real-
world AI applications. To solve the problem, we propose a
hierarchical framework based on the above single-level graph
cut paradigm in Section IV-B.

Given initial image features F = {fi}Ni=1 and a small k, we
design a hierarchical graph framework using a base subgraph
function ϑ(·, ·) and an aggregation function δ(·, ·). Especially,
we iteratively generate a sequence of graphs Gl = {Vl, El}
and the corresponding node features Fl = {fi}|Vl|

i=1, where
the subscript l denotes the l-th level and we determine it
as needed. Firstly, we initialize the graph as G1 and the
corresponding node feature as F1 = {fi}|V1|

i=1 . At level l,
by introducing the subgraph function ϑ(·, ·), we can obtain
the initial edge subset: E′

l = ϑ(Gl, Fl). By introducing the
function ϑ(,̇)̇, we can obtain the selected edge subsets E′

l

based on the node features Hl and k-NN graph Gl. Then, we
reserve the selected edge subsets E′

l and remove the rest edges.
The graph Gl can be updated as G′

l = {Vl, E
′
l}. Therefore,

we can split G′
l into multiple subgraphs {c(l)i }|Vl+1|

i=1 , where
c
(l)
i is the i-th subgraph. To obtain Gl+1 at the (l + 1)-th

level, we denote the i-th node as v
(l+1)
i , which is an entity

representing the subgraph c
(l)
i . After that, we introduce an

aggregation function δ(·, ·) to update the new node feature
vectors: Fl+1 = δ(Fl, G

′
l). Therefore, we can aggregate the

node features in each subgraph c
(l)
i into a single feature

vector. Finally, we can search k-nearest-neighbors on Fl+1

and connect each node to its k neighbors to obtain the updated
El+1. We repeat the above process until no more new edges
are added, i.e., E′

l = ∅. We denote the length of the converged
sequence as Q. Based on GQ, we assign subgraph index i to
the subgraph c

(Q)
i , which propagates the index i to all its nodes

{v(Q)
j |v(Q)

j ∈ c
(Q)
i }. Then, each node v

(Q)
i propagates its label

to the subgraph c
(Q−1)
i on the previous iteration. By the above

process, we can assign a subgraph ID to each node in V1, and
finish the label assignment on the final level.

In the next sections, we will present the details about the
base subgraph function ϑ(·, ·) and the aggregation function
δ(·, ·). Besides, we can use our AHGC for an underlying
single-level model, akin to a single iteration of AHGC. Also,
the inference process will be described.

D. Attention-aware Graph Cut via Linkage and Density

Since the linkage and density information in the GNN
model contain a rich relationship between different images, we
treat them as supervision for model training. The linkage and
density information can be treated as the supervision signals to
learn the GNN model [36]–[38]. To understand the semantics
of images, we use the graph attention network (GAT) [39]
as the backbone to model the similarity between images by
the linkage and density information. To extract the complex
subgraph structures, we first utilize the graph cut function
ϑ(·, ·) for building a learnable graph network, where each
node vi in V comes with a subgraph label yi. Unlike previous
unsupervised graph cut methods [40], [41] that focus on an
explicit graph cut, we design the attention-aware graph cut
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module based on data. To conduct the graph cut efficiently,
we leverage a single graph encoder for embeddings to jointly
predict these two quantities. Then, we utilize a graph decoding
process to estimate the linkage and density to determine edge
connectivity and conduct the graph cut. Therefore, we detail
the design of our unified joint linkage and density estimation
model for graph cut. With the above considerations, we jointly
predict the graph edge linkage and node density information
based on a single full-graph inference. The subgraph prediction
is passed through a graph decoding step.
Linkage and density for graph encoding. To effectively
integrate the semantics-similar samples, we explore the re-
lationship between different samples based on linkage and
density. For each node feature fi, we utilize a stack of GAT
network layers to encode it as the embedding f ′

i . For each edge
(vi, vj) in the edge set E, we leverage the graph to concatenate
the source and destination node features ([f ′

i , f
′
j ]), where i ̸= j

and [·, ·] denotes the concatenation operator. Then, we feed the
concatenated features into a Multi-Layer Perceptron (MLP)
layer [42] followed by a softmax transformation to produce
the linkage probabilities: pij = P (yi = yj), where pij is the
estimate of the probability that two nodes linked by the edge
share the same label. Besides, we introduce a density proxy
di to measure the similarity-weighted proportion of same-
subgraph nodes in its neighborhood for density estimation.

For any two nodes vi and vj , we first compute their
similarity sij as the inner product of their respective node
features: sij = ⟨fi, fj⟩. Then, we can obtain the corresponding
edge coefficients as eij = P (yi = yj) − P (yi ̸= yj),
where j denotes the j-th neighbor of vi. To approximate
the ground-truth density d̄i, we introduce the estimator di =
1
k

∑k
j=1 eij · aij . di can be obtained by updating eij with

eij = 1(yi = yj) − 1(yi ̸= yj) using the ground-truth
class labels, where 1 denotes the indicator function. An ideal
density di is large if the most similar neighbors share the same
labels; otherwise, it is small. By approximating d̄i based on
eij and pij , the joint mechanism can reduce parameters for
the prediction head during training.
Edge selection for graph decoding. During graph decoding,
we convert them into final subgraphs by graph decoding.
Especially, we tailor the graph decoding to incorporate our
joint density and linkage estimates. Initially, we start with

E′ = ∅. Given eij , di, pij and an edge connection threshold
pτ , we first define a candidate edge set Z(i) for node vi as

Z(i) = {j|(vi, vj) ∈ E, pij ≥ pτ and di ≤ dj}. (2)

By the condition di ≤ dj , we introduce an inductive bias to
establish connections. For any i, if its candidate set Z(i) is not
empty, we pick j = argmaxj∈Z(i) eij , and then add eij to E′.
Based on Eq. (2), each node vi with a non-empty Z(i) can add
exactly one edge to E′. On the contrary, each node with an
empty Z(i) becomes a peak node with no outgoing edges. The
nodes with low density tend to 1) have some neighborhoods
that overlap with other classes, 2) be near the boundary among
different classes, 3) contain undesirable connections to other
nodes. After a full pass over each node, E′ forms a set of
subgraphs G′, which serve as the designated subgraphs.

E. Intra-subgraph Label Assignment

After the graph cut, the unlabeled ID images and the
labeled ID images will be clustered into the same subgraph.
Therefore, we aim at assigning labels to unlabeled ID images
based on the labeled ID images. After obtaining the subgraph
indexes of all the samples C = {cij}i=N,j=K

i=1,j=1 , we assign
pseudo labels to unlabeled ID images based on the proportion
of each label in a subgraph. At the t-th epoch, we denote
the k-th subgraph as D(t)

k = {xi|c(t)ij = k}, where xi is
its i-th sample. The set of ID-class labels is denoted as
Y(t) = YL ∪ Y(t)

gc ∈ {0, 1, . . . , R − 1}, where R denotes the
number of ID classes, YL is formed by the ground-truth labels
from DL, and Y(t)

gc denotes the ID pseudo labels assigned
to unlabeled images. When t = 0, Y(t)

gc = ∅, while the ID
pseudo labels will be added into Y(t)

gc during training. Then, we
define “labeled percentage” as the ratio of images belonging
to class y ∈ Y(t) in subgraph k: r(t)k,y = |D(t)

k,y|/|D
(t)
k |, where

D(t)
k,y = {xi|c(t)i = k, yi = y}.
When most of samples in subgraph k belong to label y,

i.e., r
(t)
k,c is over a threshold ρ, we add all the unlabeled

samples in subgraph k into labeled set DL to form the updated
DL(t)

= DL∪D(t)
new, where D(t)

new = {xi|xi ∈ D(t)
k , r

(t)
k,y > ρ}.

Therefore, we can utilize DL(t)

to update the label set Y(t).
On the contrary, we denote the remaining unlabeled samples

from DU at epoch t as DU(t)

. By the reconstructed dataset,
we introduce a classification loss L0 and an equalization loss
L1 as follows:

L0 = −
∑

t

∑
xi∈DL(t)

∑
yi∈Y(t)

yi · log(p(y|xi)),

L1 = −
∑

t

∑
xi∈DU(t) v · log(p(y|xi)), (3)

where p(y|xi) denotes the prediction probability of xi over
all ID classes, yi is converted to a one-hot label vector of
xi, v = 1R/R denotes the uniform posterior distribution over
all of R ID classes, where 1R is an all-ones vector with R-
dimension. Thus, L(t)

1 forces samples in DU(t)

to uniformly
distribute among R ID classes.

F. Subgraph Aggregation for Cross-level Feature Update

To update the cross-level image features, we design a sub-
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graph aggregation strategy. Especially, after label assignment,
we can utilize these newly-labeled samples to update the
feature encoder for better image features. To obtain Gl+1 =

{Vl+1, El+1}, we first convert any subgraph c
(l)
i in Gl to

node v
(l+1)
i in Vl+1. For v

(l+1)
i , we introduce its two feature

vectors: the identity feature f̃
(l+1)
i and the average feature

f̄
(l+1)
i defined as follows:

f̃
(l+1)
i = f̃ (l)

mi
and f̄

(l+1)
i =

1

|c(l)i |

∑
j∈c

(l)
i

f̃
(l)
j , (4)

where mi denotes the peak node index of the subgraph c
(l)
i ,

which is defined as: mi = argmax
j∈c

(l)
i

d̂
(l)
j . Especially, for

the first level, f̃
(0)
i = f̄

(0)
i = fi, where fi is the visual

embedding feature. Thus, we utilize the identity feature f̃
(l)
i to

identify similar nodes across hierarchies, and use the average
feature f̄

(l)
i to extract the global information for all nodes in

the subgraph. The next-level input feature of node v
(l+1)
i is

the concatenation of the peak feature and the average feature,
i.e., f l+1

i = [f̃
(l+1)
i , f̄

(l+1)
i ].

G. Data Augmentation for Model Generalization
In real-world applications, the supervised classification

methods only aim to extract semantic representations to meet
the minimum necessary, and they often overtrust the given
labels. However, in the challenging OOD detection task, we
cannot overtrust collected samples including OOD samples.
We tend to widen the discrepancy between ID/OOD on
similarity metric, which can strengthen the ability to guide
ID/OOD samples to different subgraphs. By building an un-
supervised training module, we can extract enhanced features.

Therefore, we leverage the data augmentation technology
to obtain different augmented images. Then, for each image,
we maximize the similarity between its different augmented
versions. To obtain the augmented images of all the images,
we first integrate NL labeled samples {xL

i }N
L

i=1 and NU

unlabeled images {xU
i }N

U

j=1 into a total set X = {xi}Ni=1.
Then, we augment any xi into two versions: x0

i and x1
i ,

where x0
i = A0(xi) and x1

i = A1(xi); A0 and A1 denote
two augmentations. Finally, we feed x0

i and x1
i into a shared

feature encoder followed by an MLP layer. For convenience,
we denote the augmented features as b0i and b1i , respectively.

For the t-th epoch, we maximize the cosine similarity of
the same samples in different augmented features ({b0i }(t) and
{b1i }(t)) to enhance the sample feature representation. Thus,
we introduce the InfoNCE loss as the objective:

L2=−
N∑
i=1

log(
exp(µ(b0i , b

1
i ))∑N

j=1 exp(µ(b
0
i , bj))

+
exp(µ(b0i , b

1
i ))∑N

g=1 exp(µ(b
1
i , bg))

), (5)

where bj ∈ B1,(t), bg ∈ B0,(t), and µ(·, ·) denotes the
cosine similarity function. Based on L2, we map the enhanced
representation into the lower-dimensional logit space, where
the class-specific similarity score can illustrate the semantic
discrepancy of samples from different classes, and assign a
more discriminative subgraph distribution to them.

Therefore, our overall loss is as follows:

L = L0 + βL1 + αL2 + γLL
0 , (6)

where α, β and γ are parameters to balance different losses.

H. Inference for Any Image

Given an unlabeled image, a well-designed OOD detection
model should correctly generate its prediction. With a classifi-
cation head h1, we leverage a fully-connected layer to map the
image features into a logit space. We utilize the energy-based
approach with temperature-scaled logits for OOD detection.
After training, we can utilize the similarity score from the
logit l(y|xi) = h1(bi) as the OOD score. The similarity score
is formulated as: g(xi) = T ·log

∑C
c=1 exp(l(yc|xi)/T ), where

l(ym|xi) is the logit of xi belonging to the ID class ym, and
ID samples have higher similarity score.

Unlike traditional OOD detection methods [7]–[12] that
only train on ID samples, we pay more attention to OOD
samples. These OOD samples will be more concentrated at
minimum similarity due to the involvement of training OOD
data under the SC-OOD setting. Thus, a proper temperature
value T can smooth the similarity distribution and widen the
discrepancy between ID/OOD on the similarity metric.

Therefore, we compare the similarity score to the predefined
threshold δ. Any image xi is classified as in-distribution
if the softmax score is greater than the threshold and vice
versa. Mathematically, the out-of-distribution detector can be
described as:

xi is
{

OOD sample, if g(xi) ≤ δ,
ID sample, if g(xi) > δ,

(7)

where δ is chosen so that the true positive rate (i.e., the fraction
of ID images correctly classified as ID images) is 95%.

V. EXPERIMENTS

A. Experimental Settings

Datasets. Following [6], we use two SC-OOD benchmarks:
CIFAR-10 and CIFAR-100. Each benchmark contains seven
datasets: CIFAR-10 [43], CIFAR-100 [43], Texture [44],
SVHN [45], Tiny-ImageNet (Tiny-I) [46], LSUN [47] and
Places365 [48]. Each benchmark treats a dataset (CIFAR-
10 or CIFAR-100) as the labeled dataset, and the others as
unlabeled datasets. The statistics of these datasets are reported
in supplementary materials.
Evaluation metrics. We follow [6] to using the following
evaluation metrics: 1) FPR95: It denotes the rate of falsely
recognized OOD when 95% ID samples are recalled. 2)
AUROC: It calculates the area by plotting the TPR as a
function of the FPR. 3) AUPR: It measures the area under the
curve by plotting recall as a function of precision. Also, AUPR
is a threshold-independent. Based on different selections of
positiveness, we consider two evaluation metrics: AUPR(In)
(ID samples are positive) and AUPR(Out) (OOD samples are
positive). 4) CCR@FPRm: It denotes Correct Classification
Rate (CCR) for ID classification when the FPR equals m.
Note that the value ranges for all the evaluation metrics are
[0%, 100%]. For a remarkable comparison, the performance
improvement in our paper denotes the performance difference
between two methods in terms of the above evaluation metrics.
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TABLE I: Performance comparison on the CIFAR-10
benchmark, where data partitions are identical for all
methods. Our AHGC achieves consistently the best perfor-
mance on all OOD detection metrics. ↑/↓ means a higher/lower
value is better.

Dataset Method FPR95↓ AUROC↑ AUPR(In/Out)↑ CCR@FPR↑
10−4 10−3 10−2 10−1

Texture

ODIN 42.52 84.06 86.01 / 80.73 0.02 0.18 3.71 40.14
ConjNorm 23.78 95.59 97.40 / 95.88 18.42 45.29 70.96 89.73

UDG 20.43 96.44 98.12 / 92.91 19.90 43.33 69.19 87.71
Ours 0.89 99.42 99.67 / 99.05 54.03 75.02 87.81 94.62

SVHN

ODIN 52.27 83.26 63.76 / 92.60 1.01 4.00 11.82 44.85
UDG 13.26 97.49 95.66 / 98.69 36.64 56.81 76.77 89.54

ConjNorm 9.89 96.32 94.88 / 96.25 33.82 67.94 80.31 91.72
Ours 0.00 99.99 99.99 / 100.00 91.89 94.97 95.37 95.40

CIFAR-100

ODIN 56.34 78.40 73.21 / 80.99 0.10 0.38 4.43 30.11
UDG 47.20 90.98 91.74 / 89.36 1.50 10.94 40.34 75.89
Scone 43.79 91.24 90.68 / 88.76 2.38 8.17 42.96 77.94
Ours 24.82 92.72 93.50 / 91.69 3.81 21.00 47.87 80.04

Tiny-I

ODIN 59.09 79.69 79.34 / 77.52 0.36 0.63 4.49 34.52
ConjNorm 52.80 90.74 83.25 / 80.24 9.52 19.37 59.88 79.45

UDG 50.18 91.91 94.43 / 86.99 0.32 23.15 53.96 78.36
Ours 9.71 96.45 97.94 / 92.96 72.84 81.85 85.22 86.67

LSUN

ODIN 47.85 84.56 81.56 / 85.58 0.21 0.85 9.92 46.95
UDG 42.05 93.21 94.53 / 91.03 14.26 37.59 60.62 81.69

ConjNorm 38.29 93.67 95.82 / 92.89 13.84 41.95 64.31 88.72
Ours 1.72 98.71 98.84 / 98.63 53.97 69.41 82.55 93.14

Places365

ODIN 53.94 82.01 54.92 / 93.30 0.47 1.68 7.13 39.63
UDG 44.22 92.64 87.17 / 96.66 10.62 35.05 58.96 79.63

ConjNorm 36.02 93.58 86.72 / 95.85 12.40 40.10 60.70 82.34
Ours 10.24 97.24 94.74 / 98.82 37.19 59.12 76.67 89.54

Mean

ODIN 52.00 82.00 73.13 / 85.12 0.36 1.29 6.92 39.37
UDG 36.22 93.78 93.61 / 92.61 13.87 34.48 59.97 82.14

ConjNorm 31.95 92.89 91.54 / 91.72 14.84 38.07 62.67 84.58
Ours 7.90 97.42 97.45 / 96.86 52.29 66.90 79.25 89.90

Implementation details. We utilize the standard ResNet-18
network as the feature encoder. We use the standard SGD
optimizer with a weight decay of 0.0005 and a momentum of
0.9 to train it on two SC-OOD benchmarks: the CIFAR-10
benchmark and the CIFAR-100 benchmark. The two bench-
marks treat CIFAR-10 and CIFAR-100 as the labeled datasets
in their corresponding benchmarks, respectively. Besides, the
Tiny-ImageNet training dataset is utilized as the external
unlabeled dataset DU in both benchmarks during the training
process. We utilize a cosine learning rate scheduler with an
initial learning rate of 0.1, taking totally 180 epochs. For the
labeled dataset DL, its batch size is 64, while the batch size for
the unlabeled dataset DU is 128. The total subgraph number
is 1500 and 1800 for CIFAR-10 and CIFAR-100 benchmarks,
respectively. For hyper-parameters, we set α = 0.15, β =
0.5, γ = 10−4. All experiments are implemented by PyTorch.
Codes are available in Github.

B. Comparison with State-of-the-arts

To evaluate the effectiveness of our proposed AHGC, we
follow [6] to compare AHGC with the following open-source
state-of-the-art OOD detection methods: ODIN [7], UDG [6],
and ConjNorm [31]. ODIN and ConjNorm directly treat one
labeled dataset as ID and all unlabeled datasets as OOD. UDG
and our AHGC treat some unlabeled samples shared similar

TABLE II: Performance comparison on the CIFAR-100
benchmark, where data partitions are identical for all
methods. Our AHGC achieves consistently the best perfor-
mance on all OOD detection metrics. ↑/↓ means a higher/lower
value is better.

Dataset Method FPR95↓ AUROC↑ AUPR(In/Out)↑ CCR@FPR↑
10−4 10−3 10−2 10−1

Texture

ODIN 79.47 77.92 86.69 / 62.97 2.66 4.66 15.09 45.82
ConjNorm 77.21 76.39 85.72 / 62.83 0.45 3.27 11.80 42.74

UDG 75.04 79.53 87.63 / 65.49 1.97 4.36 9.49 33.84
Ours 22.93 84.64 91.58 / 67.42 0.91 9.41 30.64 56.73

SVHN

ODIN 90.33 75.59 65.25 / 84.49 4.98 12.02 23.79 46.61
UDG 60.00 88.25 81.46 / 93.63 14.90 25.50 38.79 56.46

ConjNorm 59.32 82.17 79.32 / 90.44 13.05 23.85 30.92 58.40
Ours 0.46 97.70 97.75 / 97.36 61.34 69.62 72.82 74.36

CIFAR-10

ConjNorm 85.87 72.55 75.50 / 65.38 1.29 4.76 13.85 42.17
UDG 83.35 76.18 78.92 / 71.15 1.99 5.58 17.27 42.11
ODIN 81.82 77.90 79.93 / 73.39 0.09 3.69 15.39 47.20
Ours 43.98 74.47 78.21 / 67.13 2.46 6.88 16.96 44.42

Tiny-I

ODIN 82.74 77.58 86.26 / 61.38 0.20 3.78 15.99 45.56
ConjNorm 82.30 79.42 87.96 / 60.44 1.73 13.59 20.88 44.10

UDG 81.73 77.18 86.00 / 61.67 0.67 4.82 17.80 41.72
Ours 0.49 89.19 95.01 / 73.42 50.02 57.76 59.66 60.79

LSUN

ODIN 80.57 78.22 86.34 / 63.44 1.68 5.59 17.37 45.56
ConjNorm 79.82 77.29 85.17 / 61.98 2.84 6.08 20.95 44.88

UDG 78.70 76.79 84.74 / 63.05 1.59 5.34 18.04 44.70
Ours 25.15 80.42 88.88 / 62.18 7.56 19.15 30.26 49.71

Places365

ODIN 76.42 80.66 66.77 / 89.66 1.45 4.16 18.98 49.60
UDG 73.86 79.87 65.36 / 89.60 1.96 6.33 22.03 47.97

ConjNorm 73.34 78.86 67.40 / 88.27 2.87 7.34 21.99 50.43
Ours 27.10 81.73 71.82 / 89.79 3.93 10.93 27.15 52.44

Mean

ODIN 81.89 77.98 78.54 / 72.56 1.84 5.65 17.77 46.73
ConjNorm 76.31 77.78 80.18 / 71.56 3.71 9.82 20.07 47.12

UDG 75.45 79.63 80.69 / 74.10 3.85 8.66 20.57 44.47
Ours 20.02 84.69 87.21 / 76.22 21.04 28.96 39.58 56.41

semantics with labeled samples as ID.
For convenience, we directly cite some results in [6] from

corresponding works, which are trained and tested on the
challenging benchmarks. As shown in Table I and Table
II, we compare our proposed AHGC with state-of-the-art
methods, where AHGC reaches the best results in most cases.
Particularly, when we treat the Tiny-ImageNet as the unlabeled
dataset, our AHGC achieves the following amazing improve-
ment compared with the second-best method UDG: 1) In the
CIAFR-10 benchmark, AHGC improves the performance by
40.47% in terms of “FPR95”. 2) In the CIAFR-100 bench-
mark, AHGC outperforms compared methods by 81.24% in
terms of “FPR95”. The main reason is that our AHGC can
well understand the latent semantics between multi-granularity
images on different datasets for OOD detection, while UDG
only conducts K-means clustering on different images, which
fails to understand the latent relationship between labeled and
unlabeled samples with different granularity.
Analysis. From the above results, we can observe that: (i) In
all the datasets, our proposed AHGC on these two benchmarks
(CIFAR-10 and CIFAR-100) outperforms these state-of-the-art
methods by a large margin in most cases. There are two main
reasons as follows: Firstly, our AHGC is a more effective
model, which leverages the graph cut to explore the latent
relationship of different samples under the same semantics.

https://github.com/AngeloFang/AHGC
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Fig. 4: Performance (%) of our proposed AHGC and UDG
[6] on CIFAR-10 benchmark during training process. Since
the maximum number of epochs on UDG is 100, we report
our performance of the first 100 epochs for fair comparison.

Secondly, we focus on the challenging SC-OOD setting, while
many compared methods directly treat one labeled dataset as
ID and all unlabeled datasets as OOD. The better performance
in the SC-OOD setting shows the effectiveness of our AHGC.
(ii) Although UDG is also under the SC-OOD setting, it is
defeated by Scone in many cases because UDG cannot mine
the latent relationship between multi-granularity images by
simple K-means clustering. (iii) In Table II, for the CIFAR-
10 dataset, the traditional method (ODIN) performs well in
terms of some metrics. The main reason is that all the images
in the CIFAR-100 dataset disjoint from the images in the
CIFAR-10 dataset, which exactly meets their assumptions that
labeled CIFAR-100 images are ID and unlabeled CIFAR-
10 images are OOD. However, ODIN achieves unsatisfac-
tory performance in the other unlabeled datasets (Texture,
SVHN, Tiny-ImageNet, LSUN, Places365). This illustrates
the significance of mining the unlabeled ID samples. (iv)
These compared methods generally perform well on SVHN
and Texture datasets, while they often suffer a defeat on the
Tiny-ImageNet, LSUN and Places365 datasets. It is because
the images on SVHN and Texture datasets have relatively flat
backgrounds, which are quite different in style from those in
CIFAR10/CIFAR-100, and the resulting covariate shifts make
it easier for the model to identify them as OOD examples. Our
AHGC especially achieves performance improvement on all
the datasets in most cases. This indicates that more exploration
between multi-granularity images is required to overcome
the interference of covariate shifts in the OOD detection
tasks. About the model learnability [49], we utilize finite
samples to design a hypothesis function with approximately
minimal risk. As the sample size increases, we can obtain
better approximation based on the proposed AHGC. Therefore,
our proposed AHGC satisfies the learnability condition [50],
and AHGC can effectively address the multi-granularity OOD
detection task.

Performance comparison during training process. To fur-
ther analyze the performance of our proposed AHGC, we
report their performance during the training process. For
convenience, we report their performance in every 10 epochs.
Fig. 4 shows the results. Obviously, our AHGC outperforms
UDG with large margins after 10 epochs for all the cases,
which shows the effectiveness of our AHGC. Besides, our
AHGC can converge faster than UDG.

TABLE III: Main ablation study on CIFAR-10 benchmark,
where we utilize energy-based similarity score with temper-
ature scaling to distinguish ID/OOD samples. We report the
mean values of all unlabeled datasets.

Modules FPR95(%)↓ AUROC(%)↑ AUPR(In/Out)(%)↑
AHGC(a) 41.28 83.80 83.46 / 80.12
AHGC(b) 18.45 87.36 86.47 / 88.72
AHGC(c) 13.78 91.30 92.57 / 92.34

AHGC(full) 7.90 97.42 97.45 / 96.86
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Fig. 5: Effect of subgraph number K on the CIFAR-10
benchmark (left) and for the CIFAR-100 benchmark (right).

TABLE IV: Ablation study on GAT on the CIFAR-10 bench-
marks. We report the mean values of all unlabeled datasets.

Modules FPR95(%)↓ AUROC(%)↑ AUPR(In/Out)(%)↑
GNN 23.85 89.74 90.11 / 88.72

Graphsage 16.08 86.07 87.10 / 86.09
GAT 7.90 97.42 97.45 / 96.86

C. Ablation Study

1) Main ablation study: As shown in Table III, we first
conduct the main ablation study to examine the effectiveness
of all the main modules in our model. Therefore, we design
the following ablation models: (i) AHGC(a): we only utilize
the classification loss L0 for OOD detection. (ii) AHGC(b):
we combine L0 and L1 for OOD detection. (iii) AHGC(c): we
joint the classification loss L0 and the InfoNCE loss L2 in data
augmentation for OOD detection. (iv) AHGC(full): we use our
full AHGC model. Obviously, our AHGC(full) outperforms
the other ablation models on both benchmarks, which shows
the effectiveness of each module. It is because our subgraph
aggregation module can close the discrepancy between labeled
and unlabeled images with the same semantics to transfer the
label knowledge; our intra-subgraph label assignment module
can reduce the semantic gaps between different datasets in
each subgraph semantics; the data augmentation module is
able to learn more fine-grained and representative image
features for graph cut different datasets.

2) Effect of subgraph number K: We further conduct an
ablation study to analyze the impact of the subgraph numbers
K. As shown in Fig. 5, the optimal subgraph number is K =
1500 for the CIFAR-10 benchmark and K = 1800 for the
CIFAR-100 benchmark.

3) Impact of graph attention network (GAT): To explore our
utilized graph attention network, we conduct a corresponding
ablation study. We compare two popularly-used graph cut net-
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Fig. 6: Effect of parameter on the CIFAR-10 benchmark.

works: GNN [51] and Graphsage [52] in Table IV. Obviously,
the GAT module is more effective than GNN and Graphsage
on the OOD detection task.

4) Influence of hyper-parameters : We conduct an ablation
study to analyze hyper-parameters (α, β, γ, δ, pτ and ρ) in
Fig. 6. The optimal values for these parameters are: α = 0.15,
β = 0.5, γ = 10−4, δ = 0.7, pτ = 0.3 and ρ = 0.5.

VI. CONCLUSION

In this paper, we propose a novel Adaptive Hierarchical
Graph Cut network (AHGC) to deeply explore the semantics
relationship between labeled and unlabeled samples with dif-
ferent granularity. Experimental results show the effectiveness
of our AHGC.
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