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Abstract

Detecting out-of-distribution (OOD) inputs is critical for reli-
able machine learning, but deep neural networks often make
overconfident predictions, even for OOD inputs that deviate
from the distribution of training data. Prior methods relied on
the widely used softmax cross-entropy (CE) loss that is ade-
quate for classifying in-distribution (ID) samples but not op-
timally designed for OOD detection. To address this issue,
we propose CASE, a simple and effective OOD detection
method by explicitly improving intra-class Compactness And
inter-class Separability of feature Embeddings. To enhance
the separation between ID and OOD samples, CASE uses a
dual-loss framework, which includes a separability loss that
maximizes the inter-class Euclidean distance to promote sep-
arability among different class centers, along with a compact-
ness loss that minimizes the intra-class Euclidean distance
to encourage samples to be close to their class centers. In
particular, the class centers are defined as a free optimiza-
tion parameter of the model and updated by gradient descent,
which is simple and further enhances the OOD detection per-
formance. Extensive experiments demonstrate the superior-
ity of CASE, which reduces the average FPR95 by 37.11%
and improves the average AUROC by 15.89% compared to
the baseline method using a softmax confidence score on the
more challenging CIFAR-100 model.

Introduction

In the open world, machine learning models may encounter
out-of-distribution (OOD) inputs that deviate from the dis-
tribution of training data, also known as in-distribution (ID)
(Drummond and Shearer 2006; He et al. 2015; Krizhevsky,
Sutskever, and Hinton 2017). Such inputs can cause models
to make predictions with high confidence at test time, lead-
ing to unexpected and potentially harmful consequences.
For instance, in safety-critical applications like autonomous
driving, the driving system must alert the driver when it de-
tects unusual scenes or objects that it cannot safely handle
(Yang et al. 2021). Similarly, a fraud detection system may
fail to identify a new type of fraud that it has not encountered
before (Phua et al. 2010), resulting in significant financial
losses. Therefore, OOD detection is crucial in ensuring the
reliability and safety of machine learning systems.
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Numerous OOD detection methods (Hendrycks and Gim-
pel 2016; Liang, Li, and Srikant 2017; Lee et al. 2018;
Liu et al. 2020; Huang, Geng, and Li 2021) have relied on
employing off-the-shelf softmax cross-entropy (CE) loss to
produce embeddings that are sufficient for classifying ID
samples. However, this approach may not be optimally de-
signed for OOD detection since it cannot guarantee high
levels of intra-class compactness and inter-class separabil-
ity (Liu et al. 2016, 2017; Wang et al. 2018). The quality of
the learned features is generally correlated with these two
factors, where intra-class compactness measures how close
the features with the same label are to each other, and inter-
class separability measures how far away the features with
different labels are (Luo et al. 2019). When both intra-class
compactness and inter-class separability are maximized si-
multaneously, the learned features become more discrimi-
native (Liu et al. 2016) and promote strong ID-OOD sepa-
rability. Hence, optimizing these two factors is crucial for
developing effective OOD detection techniques.

In this paper, our high level idea is to establish the
correlation between OOD detection performance and em-
bedding properties in distance-based representation space.
To achieve this goal, we propose an effective OOD de-
tection method called CASE, which improves the intra-
class Compactness And inter-class Separability of ID fea-
ture Embeddings. To formalize our approach, we introduce
two complementary losses. The first is the separability loss,
which maximizes the inter-class Euclidean distance to pro-
mote clear separation among different class centers. The
second is the compactness loss, which minimizes the intra-
class Euclidean distance to encourage samples to cluster
near their respective class centers. By working in tandem,
these two losses help to produce more discriminative feature
embeddings that exhibit higher intra-class compactness and
higher inter-class separability in distance-based representa-
tion space. Overall, our proposed method provides a promis-
ing solution for improving OOD detection performance and
ID classification accuracy.

In particular, we emphasize the importance of a sim-
ple and efficient class center definition method in further
improving OOD detection performance. There are several
methods available for defining class centers (Kirchheim, Fi-
lax, and Ortmeier 2022). Some methods (Miller et al. 2021;
Feng et al. 2023) treat the class centers as constant parame-
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ters, which can restrict the learned mapping since the centers
cannot dynamically account for the class similarity in the in-
put space. Other approaches (Hassen and Chan 2020; Ming
et al. 2023) estimate the class centers from each batch of data
individually, yet the estimated class centers might be inaccu-
rate if the number IV of points from one class in the batch is
small. To overcome these issues, we treat the class centers
as a free optimization parameter of the model and update
them by gradient descent (Hsu et al. 2020). We demonstrate
that this approach is more efficient and has the potential to
further improve OOD detection performance.

In summary, our key results and contributions are as fol-
lows:

* We propose CASE, a simple and effective method for
OOD detection, which jointly optimizes a compactness
loss and a separability loss to explicitly improve intra-
class compactness and inter-class separability of feature
embeddings. We show that CASE can promote strong
ID-OO0D separability and boost different post-hoc OOD
detection methods.

* We define the class centers as a free optimization param-
eter of the model and update them via gradient descent.
This approach leads to further improvements in the OOD
detection performance.

We conduct extensive evaluation and ablation experi-
ments to show that CASE can improve both OOD detec-
tion and ID classification accuracy. Compared with the
CE loss, CASE reduces the average FPR95 by 50.47%,
improves the average AUROC by 9.55%, and increases
ID classification accuracy by 3.41% on CIFAR-10 with
the softmax confidence score.

Related Work
Post-hoc OOD Detection Methods

The advantage of post-hoc methods is that they can be eas-
ily applied without any modifications to the training proce-
dure or objective (Yang et al. 2021). OOD detection research
originated from a simple baseline (Hendrycks and Gimpel
2016), where a test sample with high maximum softmax
probability (MSP) score is classified as an ID example rather
than an OOD example. However, DNNs frequently produce
overconfident predictions, even for inputs that are signifi-
cantly different from the training data, which raises doubts
about using softmax confidence directly for OOD detec-
tion. This approach was further extended in ODIN (Liang,
Li, and Srikant 2017) by using temperature scaling strat-
egy and input preprocessing strategy. Mahalanobis distance-
based scores (Lee et al. 2018) were used for OOD detec-
tion by modeling the class-conditional distributions of soft-
max neural classifiers using multivariate Gaussian distribu-
tions. Energy-OOD (Liu et al. 2020) proposes using an en-
ergy score for OOD detection, which is theoretically more
aligned with the probability density of the inputs and is less
likely to result in overconfident predictions. ReAct (Sun,
Guo, and Li 2021) rectifies feature vectors by thresholding
their elements with a certain magnitude. These methods uti-
lize the traditional CE loss to train the model and focus on
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using the outputs or features of the model to estimate OOD
uncertainty. The significant challenge is to develop a scoring
function S(x) that can effectively capture OOD uncertainty.

OOD Detection with Auxiliary OOD Data

While the exact OOD test distribution cannot be predicted,
several prior methods have explored the use of synthetic
data generated by GANs (Lee et al. 2017) or unlabeled
data (Hendrycks, Mazeika, and Dietterich 2018) as auxil-
iary OOD training data. The inclusion of auxiliary OOD sets
during training has been shown to improve OOD detection
performance by explicitly regularizing the model through
fine-tuning, resulting in lower confidence on anomalous ex-
amples (Liu et al. 2020; Hendrycks, Mazeika, and Diet-
terich 2018; Geifman and El-Yaniv 2019; Mohseni et al.
2020) Selectively training on auxiliary OOD data that in-
duces uncertain OOD scores can improve OOD detection
performance on both clean and perturbed adversarial OOD
inputs, as proposed by the informative outlier mining ap-
proach (Chen et al. 2021). He et al. (He et al. 2022) pro-
pose a novel OOD detection framework called RONF, which
improved the performance of both OOD and ID classifica-
tion. Their approach included a virtual OOD data synthesis
strategy called BFM that generated virtual OOD data out-
side of the ideal ID boundary. Ming et al. (Ming, Fan, and
Li 2022) propose a novel posterior sampling-based outlier
mining framework termed POEM, which allows for the ef-
ficient use of outlier data and promotes learning a compact
decision boundary between ID and OOD data for improved
detection. However, in our work, we do not use any auxiliary
OOD sets during training.

OOD Detection with Model Re-training

Recent studies have investigated alternative loss functions
for retraining models, as opposed to training models di-
rectly with traditional softmax CE loss. For instance, Gener-
alized ODIN (G-ODIN) (Hsu et al. 2020) builds upon ODIN
(Liang, Li, and Srikant 2017) by incorporating a specialized
training objective known as DeConf-C, and selecting hyper-
parameters such as the perturbation magnitude on ID data to
improve model performance. Another approach, Logit Nor-
malization (Logit-Norm) (Wei et al. 2022), offers a simple
fix to the overconfidence problem in NNs by enforcing a
constant vector norm on the logits during training. IsoMax
loss (Macédo et al. 2021) proposes a seamless OOD detec-
tion approach based on logit isotropy and the maximum en-
tropy principle. This method serves as a drop-in replacement
for CE loss. An improved version, IsoMax+ (Macédo and
Ludermir 2021), performs isometrization of the distances
used in IsoMax loss and replaces the entropic score with
the minimum distance score. Recently, Feng et al. (Feng
et al. 2023) propose CESED, an improved CE loss applied to
the scalable Squared Euclidean Distance vector, which ex-
ploits hyperspherical evenly-distributed class centroids for
OOD detection. Although our proposed method in this work
shares a similar spirit with CESED, there are significant dif-
ferences in the class center definition method and training
objective.
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Preliminaries
OOD Detection

We are focusing on a supervised multi-class classification
problem. The input space is represented by X', and the ID
labels are denoted by ) = {1,2,..., N}. The training set,
denoted by DIt = {(x;,yi)},—,, is i.i.d. sampled from the
joint distribution Pyy. The marginal distribution over X is
called the ID and is represented by Py .

OOD detection is typically formulated as a binary classi-
fication problem. During test time, the aim is to determine
whether a sample x € X is from Py (ID) or not (OOD).
Ideally, the OOD samples should follow a distribution whose
label set has no intersection with ). The decision is usually
made using a thresholding mechanism as follows:

B if S(z) > A
() = { if S(z) < A

ID,
OOD, M
Where S(z) is a scoring function that determines whether
a sample x belongs to the ID or OOD. A is the threshold
for the decision and is commonly chosen to ensure that a
significant proportion (e.g., 95%) of the ID data is correctly
classified (Hendrycks and Gimpel 2016).

Softmax Cross-Entropy(CE) Loss

The simplicity and probabilistic interpretation of the soft-
max function have made it a popular choice among many
NNs. When combined with the CE loss, they form a widely
used component in DNNs. The formulation for this combi-
nation is as follows:

exp(zy;)

log — Y/
Z Z] 1 €xp(z;)

where b is the batch size, z,, represents the output value of
the last fully connected layer of the correct class label y;,
and z; is the output value of the last fully connected layer of
the j-th class.

Although the softmax CE loss is widely used in deep
learning models, it is not optimally designed for OOD detec-
tion considering that it does not explicitly encourage intra-
class compactness and inter-class separability (Liu et al.
2016, 2017; Wang et al. 2018). To mitigate this limitation,
we propose an effective OOD detection method by improv-
ing intra-class compactness and inter-class separability of
feature Embeddings.

@

Methods

In this section, we begin by describing the architecture of
proposed CASE-based classifier. We then provide a detailed
description of the proposed training objective and the infer-
ence process.

Overview Architecture

The general architecture, depicted in Figure 1, comprises
three main components:

(1) A deep neural network feature exactor, f. : X — R®
that projects an input image @ to a high dimensional feature
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embedding z = f.(x) (often referred to as the penultimate
layer).

(2) A Class Centers Module, that obtains a train-
able parameter W, representing a set of class centers
(w1, wa,...,wn), which is a free optimization parameter of
the model and is obtained through a new FC1 layer. We use
the kaiming initialization to initialize the parameter W.

(3) A Scaling Module, that calculates a scaling parameter
s for each sample. The parameter s is obtained by passing
the extracted feature embedding z through an additional lin-
ear layer FC2, followed by a sigmoid activation function o.

Finally, the output of our distance-based classifier is a vec-
tor of scalable Euclidean distance:

1
d= -
S

L1 = a2, 112 -
S

e(z, W) 5
(

~ 2 s ~ 27
- ’UJ2||2,...,HZ—UJNH2)

where || - ||3 denotes the squared Euclidean norm, 2
z/||z|ly w; = 5 (J=1,2,...,N).

CASE: A Compactness Loss and a Separability
Loss

Training Objective To improve the quality of feature em-
beddings for both OOD detection and ID classification, we
propose a novel training objective termed CASE, which
aims to enhance the intra-class Compactness And inter-class
Separability of feature Embeddings. Specifically, the term is
defined as follows:

ECASE = ﬁsep + )\c . Ecomp 4)

where the coefficient ). is used to adjust the relative impor-
tance of the two components in the proposed training objec-
tive, CASE, which consists of a separability loss that pro-
motes separability among different class centers and a com-
pactness loss that encourages samples to be close to their
class centers. By jointly optimizing these two losses, our
training objective aims to produce more discriminative fea-
ture embeddings in distance-based representation space. The
training scheme of our CASE loss is shown in Algorithm 1
in Appendix A.

A Compactness Loss To promote each sample to be
aligned with its class center, we introduce a compactness
loss, which is an improved softmax CE loss applied to the
scalable squared Euclidean distance vector. The use of the
scalable squared Euclidean distance vector ensures that the
compactness loss is effective across a wide range of distance
values, as it can be appropriately scaled. Specifically, the
term is defined as fO]lOWS'

lo g
Z ] 1exp(——-ej)

where e; (j = 1,2,..., N) is the squared Euclidean norm
between a latent feature embedding f. («) and its class cen-
ter w,,. Remembering that e = (e1, eq, ..., ey) is defined
in equation (3). Besides, each input logit is scaled by a scal-
ing parameter s, which is given by:

§ = U(BN (wsfe(m) +

eXp ey;)

&)

comp

bs)) (6)
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Class Centers Module

classifier

Je

Scaling Module

Figure 1: An overview of our proposed CASE-based classifier.

where s is obtained by passing the feature f. (x) from the
penultimate layer of the NN through an additional linear
layer, followed by optional batch normalization BN for
faster convergence, and a sigmoid activation function o. The
learnable weight and bias parameters of this added branch
are denoted by w, and b, respectively. The G-ODIN method
(Hsu et al. 2020) also employs a scaling parameter to con-
struct a dividend/divisor structure for a classifier, which en-
courages NNs to exhibit behavior similar to the decomposed
confidence effect. However, in our proposed method, the
primary objective of the scaling parameter is to adjust the
squared Euclidean distance. This enables us to control the
distance metric and improve the discriminative power of the
feature embeddings, thereby enhancing the performance of
our distance-based classifier.

A Separability Loss To encourage greater separation be-
tween different classes, we propose a separability loss that is
designed to maximize the inter-class Euclidean distance. By
maximizing this distance, the separability loss aims to in-
crease the margin between classes in distance-based feature
space. The separability loss is defined as follows:

sep

N N
N2 g S (g — @nld) ()

j=1 k=1

where Wy, = wg/ [|wgll,, (k=1,2,...,N) is the normal-
ized class center, 15 € {0, 1} is an indicator function
evaluating to 1 if j # k and O otherwise.

Inference

Temperature scaling has been demonstrated to effectively
distinguish between softmax scores for ID and OOD images,
thereby enabling reliable OOD detection. In our proposed
method, we adopt the temperature scaling approach that was
introduced in ODIN (Liang, Li, and Srikant 2017). Specifi-
cally,

exp (fx(2)/T)

Sp(x;T) =
Kt SN exp (f5(x)/T)

®
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where T' € R™ is the temperature scaling parameter, f; ()
is the output value of the last fully connected layer of the j-th
class. For our method, f; = ||2 — u“1j||§ ,(7=1,2,...,N)
without the scaling parameter s.

Furthermore, we incorporate a small perturbation e to the
input, as suggested in ODIN. This perturbation is added to
the input data prior to feeding it into the neural network, with
the aim of increasing the sensitivity of the classifier to subtle
differences between ID and OOD images:

T =x —esign(—Vglog Sy(x; T)) )

where Sy (x;T) = maxy Sg(2;T), (k=1,2,...,N).Itis
worth noting that the perturbation can be straightforwardly
computed by back-propagating the gradient of the loss w.r.t
the input.

Experiments and Results
Common Setup

Datasets and Training Details Consistent with the com-
mon benchmarks in the literature, we use CIFAR-10 and
CIFAR-100 (Krizhevsky, Hinton et al. 2009) as ID datasets.
For OOD test datasets, nine different natural image datasets
are employed, including CIFAR datasets, TinylmageNet
(cropped and resized)(Deng et al. 2009a), LSUN (cropped
and resized)(Yu et al. 2015), iSUN (Xu et al. 2015),
SVHN (Netzer et al. 2011), Textures (Cimpoi et al. 2014),
Places365 (Zhou et al. 2017). In our main experiments,
the ResNet-18 is employed as the backbone for CIFAR-10,
while the ResNet-34 is used for CIFAR-100. All experi-
ments are repeated five times, and we report the average per-
formance. Further details regarding the training process can
be found in Appendix B.1.

Hyperparameter Tuning In the proposed method, two
hyperparameters play a crucial role: the temperature scaling
parameter, denoted by 7', and the input perturbation param-
eter, denoted by e. More details of Hyperparameter tuning
are given in Appendix B.2.

Evaluation Metrics We report the following metrics: (1)
the false positive rate (FPR95) of OOD samples when the
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true positive rate of ID samples is at 95%, (2) the area under
the receiver operating characteristic curve (AUROC), and
(3) the area under the precision-recall (AUPR), where we
treat success/normal classes as positive, (4) In-distribution
test error (IDTE).

Main Results and Discussion

Comparison with Post-hoc OOD Detection Methods
Table 1 presents a comprehensive comparison of competi-
tive OOD detection methods. For pre-trained model-based
approaches such as MSP (Hendrycks and Gimpel 2016),
ODIN (Liang, Li, and Srikant 2017), Mahalanobis (Lee et al.
2018), Energy (Liu et al. 2020), and ReAct (Sun, Guo, and
Li2021), the standard practice is to train the model using the
softmax CE loss. As demonstrated in Table 1, the proposed
CASE method yields significant improvements in both OOD
detection performance and ID classification accuracy. Due
to space constraints, the average performance across nine
OOD datasets is reported. The expanded version is presented
in Table 5 in Appendix C. The results indicate that CASE
reduces the average FPR95 by 50.47%, enhances the aver-
age AUROC by 9.55%, and improves the average AUPR by
7.83% compared to the baseline MSP (Hendrycks and Gim-
pel 2016) on the CIFAR-10 model. Moreover, due to the im-
proved embedding quality, CASE also reduces the ID test er-
ror (IDTE) by 3.41%. Similarly, on CIFAR-100, CASE also
achieves a considerable performance improvement.

CASE Outperforms Different Training Loss Functions
In Table 2, we present a comparative analysis of different
training loss functions. To isolate the impact of the loss func-
tion during training, we maintain the same OOD scoring
function, namely ODIN score (Liang, Li, and Srikant 2017),
for test-time evaluation. Our results show that for the more
challenging CIFAR-100 is employed as the ID dataset, train-
ing with CASE reduces the average FPR95 by 29.84% com-
pared to the CE baseline. Furthermore, it improves the aver-
age AUROC by 10.56% and the average AUPR by 10.61%.
Similarly, CASE significantly outperforms all the compared
training loss functions with a considerable margin on the
CIFAR-10 model. A more comprehensive version of Table
2 is available in Table 6 in Appendix C. These observations
highlight the necessity and effectiveness of improving the
intra-class compactness and inter-class separability of fea-
ture embeddings through the use of CASE loss.

In particular, different from the class center definition
method used in recent work CESED (Feng et al. 2023),
which exploits hyperspherical predefined evenly-distributed
class centroids for OOD detection, we define class centers
as a free optimization parameter of the model and updated
by gradient descent in our proposed method. The results
presented in Table 2 indicate that CASE reduces the aver-
age FPR95 by 5.13% and improves the average AUROC by
1.18% compared to CESED on the CIFAR-100 model. The
difference in OOD detection performance between CASE
and CESED underlines the effectiveness of the class center
definition method adopted in our approach, which further
promotes OOD detection performance.
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CASE can Improve Existing Scoring Functions Table
3 highlights that our proposed CASE loss not only outper-
forms but also boosts competitive OOD scoring functions.
All the OOD scoring functions considered in the compari-
son are originally developed based on models trained using
the softmax CE loss, making them natural comparison can-
didates. Specifically, the following methods are examined:
1) MSP (Hendrycks and Gimpel 2016), which employs soft-
max confidence score for OOD detection. 2) ODIN (Liang,
Li, and Srikant 2017), which leverages temperature scaling
and input perturbation to improve OOD detection. 3) Energy
score (Liu et al. 2020), which utilizes the information in log-
its for OOD detection, where logits represent the negative
log of the denominator in the softmax function.

The results in Table 3 provide compelling evidence that
the proposed CASE loss can significantly improve the per-
formance of various downstream OOD scoring functions
compared with CE loss and CESED loss. For instance, on
the CIFAR-100 model, combined with the ODIN score,
CASE loss reduces the average FPR95 by 29.82% and
12.33%, respectively. Additionally, the results also demon-
strate that the CASE loss facilitates the softmax score and
energy score to achieve favorable OOD detection perfor-
mance. The OOD detection performance on each OOD test
dataset can be found in Table 7 in Appendix C.

CASE Improves ID-OOD Separability Table 1, Table 2
and Table 3 present a noteworthy finding that our proposed
method significantly improves the OOD detection perfor-
mance. For example, compared with CESED, when evalu-
ated against SVHN as OOD data, our approach reduces the
FPR95 from 38.02% to 30.99%, corresponding to a direct
improvement of 7.03% on the more challenging CIFAR-100
model. To further illustrate the difference in OOD detection
performance among CE, CESED and CASE, we present a
visualization comparison of the distribution of ODIN scores
for both ID and OOD data derived from networks trained
with the three losses. Figure 2(a) and Figure 2(b) reveal that
the ODIN scores for both ID and OOD data tend to cluster
around high values when trained with CE loss and CESED
loss. In contrast, the network trained with CASE loss results
in an overall smoother distribution of ODIN scores for ID
data, as evidenced by Figure 2(c). This implies that the use
of CASE loss makes the ODIN scores more distinguishable
between ID and OOD data, allowing for more effective OOD
detection.

Ablation Studies

This section is dedicated to presenting the ablation results of
the various factors that influence the performance of CASE.
Specifically, we provide the ablation results on loss com-
ponents, loss weights, network capacity and architecture
based on the more challenging CIFAR-100 task, while ac-
knowledging that similar trends apply to the less challenging
CIFAR-10 task. Meanwhile, we delve deeper into CASE’s
performance on more challenging large-scale benchmarks.
It is worth noting that each ablation study isolates the impact
of a single factor by maintaining the other hyperparameters
at their default settings (refer to Section ).
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D Method FPRY95| AUROC?H AUPR? IDTE|

MSP(Hendrycks and Gimpel 2016) 70.65 86.57 88.39 8.34
ODIN (Liang, Li, and Srikant 2017) 52.53 88.41 88.32 8.34
CIFAR-10 Mabhalanobis(Lee et al. 2018) 47.22 86.77 86.38 8.34
(ResNet-18) Energy(Liu et al. 2020) 59.21 87.74 88.41 8.34
ReAct(Sun, Guo, and Li 2021) 52.81 89.76 90.30 8.40

CASE(ours) 20.18%13 96.12%0-18 96.22+0-13 4.93+0-09
MSP(Hendrycks and Gimpel 2016) 84.45 72.81 74.74 30.45
ODIN (Liang, Li, and Srikant 2017) 77.18 78.14 78.70 30.45
CIFAR-100 Mahalanobis (Lee et al. 2018) 60.38 81.56 81.32 3045
(ResNet-34) Energy (Liu et al. 2020) 81.00 77.33 78.50 30.45
ReAct(Sun, Guo, and Li 2021) 75.52 80.62 82.05 31.32

CASE(ours) 47.34%0-93 88.70+0-10 89.31%0-25 25.44%0-46

Table 1: Comparison with competitive post-hoc OOD detection methods. 1 indicates larger values are better and | indicates
smaller values are better. The reported values are percentages averaged across the nine OOD test datasets described in Section
, and the standard deviation is presented in the upper right corner. Bold numbers are superior results.

ID training loss FPR95| AUROCT AUPR?T
CE 52.53 88.41 88.32
CIFAR-10 G-ODIN(Hsu et al. 2020.) 17.10 96.75 97.01
(ResNet-18) IsoMax+ (Macédo and Ludermir 2021) 25.59 94.31 94.27
LogitNorm(Wei et al. 2022) 50.75 88.18 86.80
CESED (Feng et al. 2023) 25.29 95.33 96.63
CSAE(ours) 20.18 96.12 96.22
CE 77.18 78.14 78.70
CIFAR-100 G-ODIN (Hsu et al. ZOZQ) 71.45 81.91 83.49
(ResNet-34) IsoMax+ (Macédo and Ludermir 2021) 53.42 86.23 86.74
LogitNorm (Wei et al. 2022) 81.83 74.57 75.32
CESED (Feng et al. 2023) 52.47 87.52 88.25
CASE(ours) 47.34 88.70 89.31

Table 2: OOD detection performance comparison with different training loss functions. All values are percentages averaged
over nine OOD test datasets. Bold numbers are superior results.

Ablation on Different Loss Components We investigate
the effects of loss components on OOD detection. The re-
sults in Table 4 suggest that L., and L., work together
to improve intra-class compactness and inter-class separabil-
ity of feature embeddings, which are desirable for both ID
classification and OOD detection. Specifically, for ID classi-
fication, training with both L4, and L., reduces the aver-
age ID test error from 26.22% to 25.44% compared to train-
ing with Lo, alone, indicating that promoting inter-class
separability and a moderate level of intra-class compactness
can improve the ability to discriminate ID classes. Regarding
OOD detection, higher inter-class separability proves to be
beneficial, as explicitly encouraged through the separability
loss Ls¢p. Therefore, incorporating L., leads to a reduc-
tion in the average FPR95 by 5.24%, an improvement in the
average AUROC by 1.15%, and an enhancement in the av-
erage AUPR by 1.01%. Nevertheless, improving inter-class
separability via L, alone without L., is inadequate for
both ID classification and OOD detection.

Ablation on the Loss Weights Figure 3(a) and Figure
3(b) shown in Appendix D illustrate the influence of dif-
ferent loss weights A, on the OOD detection performance of
CASE. The results reveal that the performance of CASE re-
mains relatively stable for moderate adjustments of A, (e.g.,
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from 0.5 to 2), with the best FPR95 of 47.34% and the best
AUROC of 88.70% achieved at approximately A. = 1.0. As
shown in Table 1, we have demonstrated the effectiveness
of CASE, where the loss weight . is set to 1.0 by default
to balance the initial scale between the Lcopn, and Lyep. This
implies that CASE provides a simple and effective solution
for boosting OOD detection performance, without requiring
excessive hyperparameter tuning of the loss scale.

Ablation on Network Capacity and Architecture To
evaluate the effectiveness and generality of CASE, we con-
ducted experiments using two different network architec-
tures: ResNet-50 and DenseNet-101. The results of the
ResNet-50 experiments are presented in Table 8 in Appendix
D, where we observe that training with CASE improves the
quality of feature embeddings, leading to a reduction in the
average FPR95 by 19.13%, an improvement in the aver-
age AUROC by 3.94%, and an enhancement in the aver-
age AUPR by 3.48% compared to the CESED method (Feng
et al. 2023). We then verify the generality of CASE by re-
peating the experiments using the DenseNet-101 architec-
ture. The results shown in Table 9 in Appendix D demon-
strate that CASE also outperforms all compared methods in
terms of the OOD detection performance.
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ID CIFAR-10 CIFAR-100
Score FPRY95| AUROCT AUPR?T \ FPRY5| AUROCYT AUPR?T
CE loss / CESED loss / CASE loss(ours)
Softmax | 70.65/26.37/23.33  86.57/95.13/95.72  88.39/95.51/96.03 | 84.45/79.08/65.83 72.81/80.52/85.73 74.74/82.98/87.18
Energy | 59.21/23.50/20.42 87.74/95.35/95.83  88.41/95.53/95.98 | 81.00/80.54/49.48 77.33/73.01/84.50  78.50/73.58/84.16
ODIN | 52.53/25.07/20.18 88.41/95.35/96.12 88.32/95.68/96.22 | 77.18/59.67/47.34 78.14/85.67/88.70  78.70/86.46/89.31

Table 3: OOD detection performance comparison with various scoring functions using CE loss, CESED loss and CASE loss.
All values are percentages averaged over nine OOD test datasets. Bold numbers are superior results.
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Figure 2: Distribution of ODIN scores from ResNet-34 trained on CIFAR-100 with (a) Cross-Entropy (CE) loss, (b) CESED

loss and (c) CASE loss(ours).

Loss Components

: y: FPR95, AUROC! AUPRt IDTE]
comp sep
v 94.35 4851 4905 99.06
v 52.58 87.65 8830 2622
v v 4734 88.70 8931 25.44

Table 4: Ablation on CASE’s different components. All val-
ues are percentages averaged over nine OOD test datasets.
Bold numbers are superior results.

CASE is Competitive on Large-scale Datasets To fur-
ther examine the performance of CASE on real-world tasks,
we analyzed its performance on more challenging and real-
istic large-scale datasets. Specifically, we utilize ImageNet-
10 as the ID dataset, which is a subset of ImageNet (Deng
et al. 2009b) comprising 10 randomly selected classes. For
OOD test datasets, we adopt the same one used in (Huang
and Li 2021), which include subsets of iNaturalist (Van Horn
et al. 2018), SUN (Xiao et al. 2010), Places365 (Zhou et al.
2017) , and Textures (Cimpoi et al. 2014). Importantly, each
OOD dataset’s categories do not overlap with those in the ID
dataset. Figure 4(a) and Figure 4(b) shown in Appendix D
illustrate the results in terms of FPR95 and AUROC, respec-
tively. Our findings indicate that CASE consistently outper-
forms CE and CESED on all OOD test sets, demonstrating
the advantages of improving the intra-class compactness and
inter-class separability of feature embeddings with a train-
able class center parameter.

Conclusion

In this paper, we propose CASE, a simple and effective
method for OOD detection by improving intra-class com-
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pactness and inter-class separability of feature embeddings.
CASE simultaneously optimizes a compactness loss and a
separability loss to promote the separation between ID and
OOD samples. The separability loss maximizes the inter-
class Euclidean distance to encourage separability among
different class centers, while the compactness loss mini-
mizes the intra-class Euclidean distance to encourage sam-
ples to be close to their respective class centers. In particu-
lar, the class centers are defined as a free optimization pa-
rameter of the model and updated by gradient descent. Un-
der this new training method, a distance-based representa-
tion space can be achieved to benefit OOD detection. Exten-
sive evaluations and ablation studies demonstrate that CASE
can improve both OOD detection and ID classification ac-
curacy. We hope that our insights inspire further research on
distance-based representation learning and loss function de-
sign for enhancing OOD detection.
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