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Abstract

Multi-label Out-Of-Distribution (OOD) detection aims to
discriminate the OOD samples from the multi-label In-
Distribution (ID) ones. Compared with its multiclass coun-
terpart, it is crucial to model the joint information among
classes. To this end, JointEnergy, which is a representative
multi-label OOD inference criterion, summarizes the logits
of all the classes. However, we find that JointEnergy can
produce an imbalance problem in OOD detection, especially
when the model lacks enough discrimination ability. Specifi-
cally, we find that the samples only related to minority classes
tend to be classified as OOD samples due to the ambiguous
energy decision boundary. Besides, imbalanced multi-label
learning methods, originally designed for ID ones, would not
be suitable for OOD detection scenarios, even producing a se-
rious negative transfer effect. In this paper, we resort to aux-
iliary outlier exposure (OE) and propose an unknown-aware
multi-label learning framework to reshape the uncertainty en-
ergy space layout. In this framework, the energy score is sep-
arately optimized for tail ID samples and unknown samples,
and the energy distribution gap between them is expanded,
such that the tail ID samples can have a significantly larger
energy score than the OOD ones. What’s more, a simple yet
effective measure is designed to select more informative OE
datasets. Finally, comprehensive experimental results on mul-
tiple multi-label and OOD datasets reveal the effectiveness of
the proposed method.

Introduction

Traditional classification methods mainly focus on In-
Distribution (ID) scenarios, where the training set and the
test set share the same data distribution. However, in practi-
cal applications, it is unavoidable that some test samples are
Out Of the Distribution (OOD) of the training ones (Yang
et al. 2021). In this case, an ID model will classify the OOD
samples into one of the ID classes due to the notorious over-
confidence issue. Such wrong predictions seriously degener-
ate the model performance. Given this, OOD detection has
attracted rising attention in recent years, intending to dis-
criminate the OOD samples from the ID ones (Huang and
Li 2021; Wang et al. 2022c; Djurisic et al. 2023)
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Figure 1: Distribution and performance results with Binary
Cross-Entropy loss (BCE) training loss and

on Places50 dataset. (a) shows the small gap between known
and unknown domains under basic multi-label models, and
(b) indicates the improvement of our method. The last two
figures show the (c) FPR95 and (d) AUROC imbalanced and
balanced results on different in-distribution subsets, where
the proportion of in-distribution samples that only relate to
minority classes increases with the x-axis value increases.

In this direction, most prior art focuses on scenarios where
the ID samples only have a single ground-truth label. Never-
theless, samples are inherently associated with multiple la-
bels in many real-world applications such as autonomous
driving (Mao et al. 2023) and medical image (Zhou et al.
2023). For multi-label OOD detection, one intuitive strategy
is to adapt the off-the-shelf multiclass algorithms (Du et al.
2022; Wang et al. 2022b). However, Wang et al. (Wang et al.
2021), pioneered in multi-label OOD detection, point out
that simply using the largest model output (i.e., MaxLogit
(Hendrycks et al. 2022), Max) might be sub-optimal. Con-
sidering this, it is crucial to jointly model the information



across different labels for multi-label tasks. To fix this issue,
they suggest summing the energy score of all labels as the
inference criteria (dubbed JointEnergy), where the energy
score is proportional to the logit.

Although JointEnergy is effective for OOD inference, we
are surprised to find that it induces a new imbalanced prob-
lem. As shown in Figure 1 (a), the energy gap between ID
samples and OOD samples is relatively small, especially for
the tail ID samples. Notably, in multi-label learning, fail
samples refer to instances whose relevant classes are all mi-
nority ones. In contrast, head samples are relevant to at least
one majority class, where minority/majority indicates the
class is associated with many/few samples, respectively. The
intuition behind this problem is that traditional multi-label
optimization methods (like binary cross-entropy loss) treat
each class of samples equally while somewhat ignoring the
focus on minority classes. Consequently, head samples tend
to have large logits and thus are more likely to be recognized
as ID samples. By contrast, some hard samples generally
have low logits and are misclassified as OOD ones. Due to
such a distribution overlap, the OOD performance degener-
ates and becomes significantly imbalanced across head sam-
ples and tail samples. As the blue line shown in Figure 1 (c)
& (d), we rank the classes according to the number of as-
sociated samples from largest to smallest. When the x-axis
values increase, we remove all samples that are associated
with the corresponding head categories and observe an obvi-
ous degradation in the FPR95 and AUROC for the remaining
samples.

To tackle this challenge, we propose a simple yet effec-
tive unknown-aware multi-label learning framework named
Energy Distribution Gap Expansion (EDGE). Specifically,
this method could be divided into three parts. Firstly, we en-
hance the generalization of models by learning known distri-
bution. Then, we adopt the Outlier Exposure (OE) strategy,
i.e., introducing auxiliary OOD data, to lower the logit of
OOD samples and separate them from known classes. How-
ever, merely optimizing distribution space from the perspec-
tive of logit might suffer from a trivial solution. Thus thirdly,
we further expand the positive energy gap between tail ID
and OOD samples to establish a reliable energy boundary
(see Figure 1 (b)). Compared with post-hoc methods, this
framework could achieve a balanced performance, as the or-
ange line shown in Figure 1 (c) & (d). To sum up, the whole
learning framework is shown in Figure 2, and the main con-
tributions of this paper are three-fold:

e To the best of our knowledge, we are the pioneer in
discovering the induced imbalance issue existing in the
energy-based method for multi-label OOD detection.

A novel unknown-aware multi-label learning framework
EDGE is proposed to reshape the uncertainty energy
space of ID and OOD data, as well as a feature-based
pre-processing module to guide informative outlier ex-
posure data selection.

We conduct comprehensive experiments on three large-
scale real-world datasets and various OOD datasets,
where the test results consistently show the superiority
of the EDGE framework.
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Related Work
Multi-label Classification

Multi-label classification (MLC) focuses on the instances
simultaneously assigned with multiple labels (Wang et al.
2024; Liu et al. 2022; Huang et al. 2020). This topic mainly
falls into two categories: problem transformation and al-
gorithm adaptation. For the former, most studies tend to
simplify MLC into multi-class problems (Jernite, Choro-
manska, and Sontag 2017; Wallach et al. 2019). In contrast,
algorithm adaptation leverages traditional machine-learning
methods to model data (Gong et al. 2014; Wang et al. 2016;
Chen et al. 2019). Unlike traditional MLC work, this pa-
per is dedicated to exploring OOD detection in multi-label
learning, which is still an underexplored problem.

Out-of-distribution Detection

The study toward OOD detection is first suggested in
(Nguyen, Yosinski, and Clune 2015), and now mainly has
two directions, i.e., inference detection, and outlier expo-
sure. Representatively, inference-based approaches lever-
age informative outputs, like features and logits, to de-
tect OOD inputs. For example, Energy Score (Liu et al.
2020) function identifies OOD samples from the view of
energy; MSP (Hendrycks and Gimpel 2017) detects OOD
samples by maximum predicted softmax probability; and
ODIN (Liang, Li, and Srikant 2018) pre-processes the in-
puts and rescales the logits with temperature. Recently, a
few efficient methods like ViM (Wang et al. 2022a) and
DML (Zhang and Xiang 2023) decouple outputs for min-
ing meaningful information. In multi-label scenarios, Join-
tEnergy (Wang et al. 2021) is the only inference technique,
which jointly estimates the OOD uncertainty across all la-
bels. While outlier exposure uses certain auxiliary data
that disjoint with in-distribution samples for model training
(Hendrycks, Mazeika, and Dietterich 2019). Liu et al. (Liu
et al. 2020) propose a framework for fine-tuning energy-
based classifiers. Besides, some other methods like VOS
(Du et al. 2022) and POEM (Ming, Fan, and Li 2022) adap-
tively sample virtual outliers to regularize decision bound-
ary. These studies assume that feature representation forms a
class-conditional Gaussian distribution. Considering the un-
derexplored outlier exposure and the problem of JointEn-
ergy for multi-label settings, we propose an energy-based
learning framework to improve OOD detection.

Long-Tailed OOD Detection

Traditional long-tailed learning advocates re-balancing im-
balanced distributions with undersampling (Peng et al.
2019), oversampling (Mullick, Datta, and Das 2019), or re-
weighting (Alshammari et al. 2022; Wang et al. 2023b; Yang
et al. 2024). However, these methods proved to be inappli-
cable in (1) OOD detection (Wang et al. 2022b) and (2)
multi-label settings (Duarte, Rawat, and Shah 2021), which
could not be simply transferred to long-tailed OOD detec-
tion. Also, the research for imbalanced multi-label learning
(Guo and Wang 2021; Wu et al. 2020) is not well-suitable.
Fortunately, Wang et al. (Wang et al. 2022b) propose the first
learning framework to instruct OOD detection on multiclass



long-tailed scenarios. Inspired by this work, this paper at-
tempts to explore the study of long-tailed OOD detection
for multi-label scenarios.

Motivation

As illustrated in Figure 1, JointEnergy could simply dis-
criminate the OOD sample from head ones due to the large
energy gap between them. However, this success collapses
when encountering the samples related to the tail classes.
Due to the trivial underfitting issue on tail classes, models
do not have great confidence to assign these hard samples
with high logits, thereby inducing an inferior inference re-
sult. Meanwhile, (Wang et al. 2022b) conveys that simply
applying long-tailed recognition methods to OOD detection
is not quite feasible. We further show that the imbalanced
problem could not be solved by simply applying imbalanced
multi-label learning methods. The results are shown in Table
1. Specifically, we apply three popular imbalanced multi-
label recognition methods: ASL (Ridnik et al. 2021), Fo-
cal loss (Lin et al. 2017), and DB Loss (Wu et al. 2020).
Except for the BCE method, all other methods degrade the
OOD detection performance. This phenomenon shows that
simply applying imbalanced multi-label optimization meth-
ods is not feasible for multi-label OOD detection. Thus, this
problem motivates us to seek a new OOD detection method
for multi-label scenarios. In the following sections, we will
present a learning framework to alleviate this issue by en-
larging the energy difference between tail ID samples and
OOD samples.

Preliminaries
Problem Definition

OOD detection could be formed as a binary classification
problem. We use Dj, to denote the in-distribution and Doy
as out-of-distribution dataset. Furthermore, D;, consists of
Diain and DI, j.e. Dy, = {DIn DIt} where DM refers
to the training dataset and D[s™ represents the test dataset.
For out-of-distribution data D,,, we term the outlier expo-
sure samples as Dog and the test OOD dataset as Doop, re-
spectively. In practice, two parts of distribution should meet
Din N Dou = 0. The goal for the OOD detector g (x) is to
identify whether a sample  belongs to unknown domains or
not, which could be done with the following decision func-
ID S(x) >,

tion:
{OOD S(x) <7,

where S(x) represents the score function and ~ refers to
threshold. The sample with a high confidence score will be
classified as ID and vice versa.

In multi-label OOD detection, we denote the ID input
space as X € R? and label space with C' classes as ) =
{0,1}¢ with 0 for negative and 1 for positive. Let Dj,
{z;,y;} X, be the ID dataset with N data points which are
all sampled 7.¢.d from the joint data distribution Pxy. Each
label vector could be represented as y = [y1,. .., yc]. For

OOD dataset, we define Dy, = {mz,yz}f\! ; includes N’

ey

9-(x)
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Datasets | Methods | FPR95 AUROC AUPRC | mAP

DBLoss | 86.90  77.49 83.37 | 86.69
Focal 32.13 9525 96.21 | 86.04

PASCAL | ASL 32.06  94.90 95.78 | 87.65
BCE 4.50 98.75 98.69 | 87.16

DBLoss | 99.96  50.09 83.51 | 74.11

Focal | 89.79  73.21 95.58 | 72.54

COCO ASL 81.12  78.96 96.67 | 74.52
BCE 33.81  95.61 96.77 | 74.25

Table 1: OOD detection results using DenseNet121 with
naive multi-label learning methods. All results are evaluated
on the Texture. The best results are shown in bold.

samples with only one label. Assume z = (x,y) € Pry,
we define f : X — ) as a mapping from sample input to its
logit output. On top of the mapping function f, we define a
standard pre-trained deep neural model as follows:

f(x:0) = wg, - h(z), )

where 6 is the parameter of model, wys € R *C is the
classifier weight, and h(z) € R% is the penultimate layer
feature w.r.t sample @. For MaxLogit, S(x) = max fy, (x),
which only considers the maximum logit as OOD discrimi-
nation criteria. For multi-label OOD detection, JointEnergy
(Wang et al. 2021) is the unique energy-based score func-
tion, whose specific formula is presented as follows:

c
E(z) = 3 log(1 + e/ (@),

i=1
where f,, (x) refers to the logit output on i-th class of .
Unlike previous studies concerning the maximum logit, this
method jointly estimates the OOD uncertainty by summing
the label-wise energy across all labels, accumulating all la-
bel confidence to amplify the confidence difference between
ID and OOD data effectively. However, this method would
break down when encountering imbalanced multi-label data.

3)

Methodology

In this section, we will concretely introduce our proposed
method EDGE in three parts. Then, a feature-based outlier
selection module is presented to guide auxiliary OOD sam-
ple selection.

Energy Distribution Gap Expansion

The key to discriminating the OOD samples from ID ones
lies in the ways of expanding the energy difference. Without
knowing any open-set information, it is hard to determine a
precise energy boundary for the whole feature space. Thus,
we establish an effective energy-based learning framework
in the multi-label setting, which consists of three main parts
as follows:

Acquire Known Distribution Information. In order to en-
hance detection generalization, the first thing is to acquire
useful knowledge from known domains. Here we incorpo-
rate the Binary Cross-Entropy (BCE), which is a traditional
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Figure 2: Overview of EDGE learning framework. This process could be divided into two parts, i.e., auxiliary OE data selection,
and EDGE loss optimization. Firstly, the candidate OE datasets are fed into the OE Selection Module (OESM, shown in Fig. 3).
Then, the deep model is provided with both in-distribution data and an informative auxiliary dataset to conduct unknown-aware

multi-label learning with the two-part EDGE loss.

loss function in multi-label learning, as our foundational in-
distribution objective, which is termed as Liq:

C

é Z —yili () —

i=1

(1 - yi)ﬁf (w) )

“)
), £_(z) = log(1 — o(x)), and
f(x;6))) is the sigmoid function w.r:¢

Eid = EzNDi[aain

where £ (z) = logo(x
o(z) =1/(1+exp (-
sample z.

Segregate Unknown Samples. To mitigate the issue of
OOD samples yielding excessively high scores, a straight-
forward approach is to suppress their logits across all cate-
gories. Motivated by this, we propose the confidence opti-
mization objective Loy as follows:

c

5> —log(1 — (@) |

i=1

&)

»Cconf = Ez/ ~DoE

where 2’ refers to an OE instance. Considering that outlier
exposure data do not relate to any known class, it is rea-
sonable for models to assign a negative label on all known
classes. Consequently, we have formulated this entropy-
based loss function to refine the optimization process. This
objective focuses on pushing OOD samples away from the
known cluster centers.

Enlarge Distribution Distance. The reduction in logits
for OE samples allows for the accurate identification of
most OOD samples. Yet, a subset of challenging cases per-
sists among tail ID samples and semantically similar near-
boundary OOD samples (Wang et al. 2023a). Our analysis
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suggests that this problem stems from a critically narrow gap
in energy distribution, as depicted in Figure 1 (a). The con-
siderable overlap in distribution areas culminates in ambigu-
ous distinctions. A type of partial contrastive learning (Wang
et al. 2022b) proves to be a potent method for distancing tail
ID samples from their OOD counterparts. Nonetheless, its
assumption of class-conditional independence is untenable
for the unknown joint distributions encountered in multi-
label settings. In response to these problems, we opt to treat
the k& ID samples with the lowest scores collectively in con-
trast with all OE sample, and propose an energy-based loss
function Ly,, to expand the energy gap:

Law = Exm |£(2) —E4(2) +m]
where & refers to the JointEnergy, [a]; = max{0,a}, and
m is the margin hyper-parameter. Assume there are n sam-
ples in Dj*"", and we define £ as top-k JointEnergy scores
among all ID samples (Lyu et al. 2022). Then, the average
bottom-k JointEnergy score of ID samples 5,&(z) could be
denoted as:

(6)

)

1 k—1
= % Zg[n—z](z)
=0

Training Objective. Benefiting the above improvements,
we finally formalize our EDGE objective based on entropy-
based and energy-based learning and present it as follows:

=Lig+ o Leont+ 8- ['gapu

where «, 3 are hyper-parameters to control weights.

®)

Eedge
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OE Selection via Feature-Based Distance

It has been proved that a certain amount of auxiliary out-
of-distribution data would extremely boost the discrimi-
nation of OOD detectors (Hendrycks, Mazeika, and Diet-
terich 2019). In this case, the model establishes a sufficiently
strong decision boundary by previewing information from
the real distribution. However, the detection effect is uncer-
tain when using different Dog for training, which indicates
that the success of outlier exposure is quite dependent on
proper auxiliary data. Thus, a key challenge in our frame-
work is how to select a more reliable auxiliary dataset?
By observing the feature space, it could be found the sam-
ples with similar semantic information usually assemble (Du
et al. 2022). This trivial nature results in a serious failure
to distinguish the samples with strong semantic correlation.
Thus, we argue that these OOD samples could play a deci-
sive role in improving discrimination. Based on this discov-
ery, we propose a reasonable feature-based dilation distance
to measure the suitability of outlier samples:

ddilation = Hzf; - 2I(futHF ) (9)

where ©F and ¥ are the diagonal matrix with top-k singu-
lar values of ID and OOD penultimate layer feature, respec-
tively. Motivated by current works (Du et al. 2022; Ming,
Fan, and Li 2022), we think the feature representation space
covers rich information, where prime singular values have a
vital effect on the dilation degrees at different dimensions.
Thus, an intuitive idea is that “the closer the singular vec-
tor of two couple of samples, the more similar their fea-
ture embedding is”. Based on this finding, we could select
a more informative outlier exposure dataset. To be specific,
(1) we first set the batch size of ID data equal to that of
OE data to ensure that the output dimensions are the same;
(2) Then, solve the singular matrix separately for the two-
part feature matrices; (3) Subtract the two singular matrices
obtained from multiple batches, and calculate their average
Frobenius norm; (4) Finally, calculate the mean of all norm
results and choose the data with smaller dgjjion for training.
We present our selection process in Figure 3 and the whole
training process in Algorithm 1.
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Algorithm 1: Energy Distribution Gap Expansion (EDGE)
Input: ID training set D", OE dataset Dog;

Parameter: model paragleter 6, epoch T, transform epoch
7, hyper-parameter «, 3, k, m;
1: Compute dilation distance between D" and each in-
dividual set Dog by Eq. (9).
2: fort=0,1,...,7 do ‘
3:  Sample a batch of ID and OE training data from D"
and Do respectively.
4: ift < 7 then
5: Set 3 = 0.
6: endif
7.
8
9

Calculate each loss using Eq. (4), (5), and (6).
:  Update parameter § by minimizing (8).
: end for

‘ Din
Dou \ PASCAL MS-COCO NUS-WIDE

Texture 51.56 49.82 43.06
MNIST 67.97 67.70 68.13
iISUN 18.60 22.39 21.00
Places50 14.88 23.05 17.13
LSUN 34.88 40.33 36.38
SVHN 39.24 42.34 41.28
iNaturalist 15.50 20.40 16.20
Img-20-R 16.90 23.05 13.60

Img-20-G 11.75 9.55 /

Table 2: Feature-based Distance between ID and OOD
dataset.

Experiments

In this section, we present and analyze the overall OOD de-
tection performance of EDGE framework. Due to the space
limitation, we present partial vital details and results in
the main paper and put others in Appendix.

Experimental Settings

In-distribution Datasets. We adopt three real-world bench-
mark multi-label image annotation datasets as our training
sets, i.e., PASCAL-VOC (Everingham et al. 2015), MS-
COCO (Lin et al. 2014) and NUS-WIDE (Chua et al. 2009).
PASCAL-VOC consists of 22,531 images with 20 cate-
gories; MS-COCO contains 122,218 annotation images with
80 categories, where 82,783 images are for training, 40,504
for validation, and 40,775 for testing; and NUS-WIDE cov-
ers 269,648 real-world images with 81 categories, where we
reserve 119,986 images of the training set and 80,283 im-
ages of the test set, respectively.

Out-of-distribution Datasets. To fully evaluate the robust-
ness of the model on out-of-distribution examples, we fol-
low previous literature and choose the following benchmark
OOD datasets as main experimental candidates: (a subset
of) ImageNet—-22K (Deng et al. 2009), Textures (Cim-
poi et al. 2014), Places50 (Zhou et al. 2018), 1 SUN (Xu
et al. 2015), iNaturalist (Horn et al. 2018), LSUN-C
(Yu et al. 2015), and SVHN (Netzer et al. 2011), where the



o | LSUN | Texture | iSUN |
Training  Inference | FPR95 | AUROCT AUPR 1|FPR95| AUROC{T AUPR 1 |FPR95| AUROC ! AUPR1? | mAP |
MaxLogit | 1.08 99.63  99.90 | 11.19 9697  99.44 | 29.80  89.93  96.02
MSP 2241 9513 9865 | 4551  87.64  97.62 | 6058  79.99  92.89
ODIN 1.31 9923 99.81 | 11.51 9631 9928 | 3342 8870  95.71
Mahalanobis | 10.18  98.02  99.54 | 1821 9628 9942 | 97.78 6325  88.26
Energy Score | 0.75 99.72  99.92 | 9.1 9733 9949 | 2751 9028  96.16
BCE ReAct 3.38 98.98 99.69 8.58 97.78 99.62 | 27.39 89.88 95.60 | 73.79
ViM 027 9991  99.98 | 576 9831 9971 | 3641  89.01  96.04
ASH 1.38 98.88 9890 | 824 9782 9961 | 3045 9021  96.81
MaxEnergy | 1.08 99.63 9990 | 11.19 9697  99.44 | 29.80  89.83  96.02
JointEnergy | 0.48 99.80 9995 | 720 9815 9971 | 2605  92.04  97.47
MaxEnergy | 5.79 9878  99.72 | 938  98.09 9972 | 2542 9341  97.95
OE | jointEnergy | 69.19 6580 8133 | 6030 7141 8958 | 57.67  78.84  88.62 | 0847
MaxEnergy | 18.01 9728 9934 | 2785 9292  98.69 | 4929 8636  95.99
EnergyOE | jointEnergy | 33.51 8138  88.01 | 38.60 8049 9237 | 4629 8152 8935 | /237
MaxEnergy | 0.07 99.95  99.99 | 4.18 9890  99.82 | 2015 9390  97.84
EDGE | jointEnergy | 0.01 99,91 99.98 | 3.09 99.17 99.88 | 18.45 94.86 98.40 | 73-50

Table 3: Comparison results on MS-COCO with ResNet-50. The best and runner-up performance are highlighted, and the
best inference methods are underlined. Better result of OE methods are bold. 1 means the larger the better, and | is opposite.

categories of all samples do not overlap with those in used
ID datasets and ImageNet-1K (Deng et al. 2009). Owing to
the outlier exposure selection module, we present the dis-
tance between each ID and OOD dataset in Table 2, and
select Img-20-G as Dog. Note that NUS-WIDE overlaps
some classes of Img—-20-G, we thus follow (Wang et al.
2021) and adopt another different subset Img—20-R. More
details about OOD datasets can be found in Appendix.
Implementation Details. All the experiments are run on
NVIDIA GeForce RTX 3090 implemented by PyTorch and
conducted on the ResNet-50 (He et al. 2016) and VGG16
(Simonyan and Zisserman 2015) pre-trained on ImageNet-
1K (Deng et al. 2009). We randomly horizontally flip all in-
put images and resize them to 256 x 256. We use stochas-
tic gradient descent (SGD) (Sutskever et al. 2013) with a
momentum of 0.9 and a weight decay of 1 x 10~*. For
trivial BCE models, we use the Adam (Kingma and Ba
2015) to optimize. The main hyper-parameters «, 5, and
m take value from {le + 1,1,1e — 1,1e — 2,1e — 3},
{1,le—1,1e — 2,1e — 3,1e — 4}, and {0, 1, 2, 3,4, 5}.
Competitors. Totally, we selected 10 inference-based ap-
proaches as comparisons, including MaxLogit (Hendrycks
et al. 2022), MSP (Hendrycks and Gimpel 2017), ODIN
(Liang, Li, and Srikant 2018), Energy (Liu et al. 2020),
Mahalanobis (Lee et al. 2018), ReAct (Sun, Guo, and Li
2021), ViM (Wang et al. 2022a), ASH (Djurisic et al. 2023),
MaxEnergy, and JointEnergy (Wang et al. 2021). Note that
all results obtained by inference methods are based on the
model optimizing with BCE loss. We adopt OE (Hendrycks,
Mazeika, and Dietterich 2019) and EnergyOE (Liu et al.
2020) as outlier exposure comparisons.

Main Results

Overall Performance. We present the overall comparative
results on various ID and OOD datasets in Table 3. We test
various inference methods as well as different outlier ex-
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Figure 4: UMAP visualization of feature embedding results.

posure methods under the same training criterion and pre-
trained model. We get some observations below: (1) Our
proposed EDGE significantly outperforms all comparative
methods; (2) Our EDGE achieves a significant improve-
ment in OOD detection with a less loss of ID performance,
promising a relatively balanced result between known and
unknown domains; (3) The complexity of the Dy, and Dog
directly affects both ID classification and OOD detection.
In larger-scale NUS-WIDE, most comparative methods pro-
duce serious degeneration, especially on i SUN, where this
dataset contains some similar scene images, like the jun-
gle, with the images in NUS-WIDE. However, our method
still maintains promising performance while resisting hard
samples; (4) An interesting point is that both OE and En-
ergyOE achieve an unstable performance, even poorer than
some post-hoc methods. It indicates that simply transferring
general outlier exposure methods is not always feasible; (5)
OE and EnergyOE perform better when utilizing MaxEn-
ergy while not JointEnergy. A reasonable explanation is that
traditional methods are applied in multi-class scenarios and
prefer to identify OOD samples with their maximum logit.
This nature makes them function poorly in multi-label sce-
narios.

Visualization. To further show the expansion effect, we vi-
sualize the results of feature embedding output in Figure



Places50 \

Texture | iSUN |

Din | Loce Leont Law | FPROS | AUROC T AUPR 1|FPR9S | AUROC 1 AUPR 1|FPR9S | AUROC { AUPR 1|MAPT

v 0.48 99.80 99.95 7.20 98.15 99.71 | 26.05 92.04 97.46 | 73.79

v 0.02 99.90 99.95 5.38 98.69 99.77 | 20.39 93.03 97.54 | 68.18

MS-COCO| v | 0.01 99.93 99.98 8.46 97.73 99.61 | 43.14 86.93 95.61 | 57.98
v v v | 001 99.93 9998 | 3.09 99.17 99.88 | 18.45 94.86 98.40 | 73.50

Table 4: Ablative results on different combinations of loss functions, where v'means the utilization of the corresponding loss

term. The best and runner-up OOD performance is highlighted.

Doe | dditaion + | Poop | Texture iSUN Img-20-R  Places50 iNaturalist MNIST SVHN  Average
Texture 43.06 / 70.92 30.00 67.83 34.31 9.70 0.20 35.49

iSUN 21.00 Fl 10.62 / 15.73 5.01 8.28 5.78 2.25 7.95
Img-20-R 13.61 2.46 9.10 / 26.36 0.79 0.00 0.00 6.45

Texture 43.06 / 67.65 92.47 69.20 90.74 97.23 99.65 86.16

iSUN 21.00 | ART | 97.16 / 97.03 94.40 98.02 97.69 99.02 97.21
Img-20-R 13.61 99.34  96.92 / 89.35 99.83 99.85 99.91 97.53

Table 5: FPROS5 (F]) and AUROC (ART) Performance of OOD detection and ID classification when using different datasets as
Dok and Dgop on NUS-WIDE. The best results on the same Dpop are bold.

4. The blue and orange parts represent the cluster of ID
data and OOD data, respectively. We qualitatively analyze
the discriminative effect when model training with/without
our EDGE framework. Compared with general models, the
EDGE-based model could accurately separate OOD samples
from ID data and cluster them. This demonstrates the supe-
riority of our proposed method.

Performance on Tail Samples. Figure 5 shows several
groups of comparative results on tail samples on PASCAL-
VOC. On top of the overall improvement, our method
achieves significant tail improvement. As the proportion of
tail samples increases, the performance of EDGE is less neg-
atively impacted. These results indicate the solving of the
problem that is illustrated in the motivation.

Effectiveness of OE Selection. We record the performance
of OOD detection based on different outlier exposure data
in Table 5. The overall OOD performance on Img—20-R is
obviously better than others, where we observe it also holds
arelatively small dgjjaion. Moreover, for any two datasets, se-
lecting the one with a smaller dgjjaion as Dog could achieve
better performance. These intuitive results are consistent
with our elaboration in the previous section and validate the
effectiveness of the selection method.

Sensitivity Analysis. We conducted a series of hyperparam-
eter sensitivity analyses on PASCAL-VOC. Due to space
constraints, we include all results in Appendix.

Ablation Studies

To further test the impact of each part in EDGE framework,
we carry out the ablation study on three benchmarks and
report the results in Table 4. From this table, we could ob-
tain the following observations: (1) Whichever of Lo, and
Lgap is combined with Lig could lead to a significant im-
provement, demonstrating the improvement of increments.
(2) While Lcons and Lgyp take turns in the lead, the former
has a larger effect on keeping the performance of ID classifi-
cation, indicating that optimizing the logit information plays
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Figure 5: Performance change curve on PASCAL-VOC. The
closer to the right, the larger the proportion of tail samples.

a dominant role. (3) The combination of all loss terms could
achieve not only a relatively comprehensive improvement
in OOD detection, but also a better ID classification per-
formance compared to other OE methods. In general, each
module explicitly displays a certain positive effect.

Conclusion

In this paper, we discover the shortcomings in multi-label
OOD detection, i.e., a serious long-tailed phenomenon
caused by trivial optimization methods. To fix this issue,
we introduce outlier exposure into multi-label classification.
On top of this, we propose a simple yet effective learning
framework dubbed EDGE. This method first separately op-
timizes ID samples and OE samples to establish a reliable
performance of ID classification. It then expands the energy
gap between ID and OOD samples by an energy-boundary
learning strategy. Besides, a feature-based selection module
is devised to boost the performance of model learning. Fi-
nally, extensive experiments consistently validate the effec-
tiveness of the proposed method on both ID classification
and OOD detection.
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