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Abstract

Semi-supervised learning (SSL) methods assume that labeled
data, unlabeled data and test data are from the same distribu-
tion. Open-set semi-supervised learning (Open-set SSL) con-
siders a more practical scenario, where unlabeled data and
test data contain new categories (outliers) not observed in
labeled data (inliers). Most previous works focused on out-
lier detection via binary classifiers, which suffer from insuf-
ficient scalability and inability to distinguish different types
of uncertainty. In this paper, we propose a novel framework,
Adaptive Negative Evidential Deep Learning (ANEDL) to
tackle these limitations. Concretely, we first introduce evi-
dential deep learning (EDL) as an outlier detector to quantify
different types of uncertainty, and design different uncertainty
metrics for self-training and inference. Furthermore, we pro-
pose a novel adaptive negative optimization strategy, making
EDL more tailored to the unlabeled dataset containing both
inliers and outliers. As demonstrated empirically, our pro-
posed method outperforms existing state-of-the-art methods
across four datasets.

Introduction
Semi-supervised learning (SSL) has recently witnessed sig-
nificant progress by propagating the label information from
labeled data to unlabeled data (Berthelot et al. 2019; Xu et al.
2021; Wang et al. 2022b; Zheng et al. 2022). Despite the
success, SSL methods are deeply rooted in the closed-set as-
sumption that labeled data, unlabeled data and test data share
the same predefined label set. In reality (Yu et al. 2020), such
an assumption may not always hold as we can only accu-
rately control the label set of labeled data, while unlabeled
and test data may include outliers that belong to the novel
classes that are not seen in labeled data. During self-training,
imprecisely propagating label information to these outliers
shall interfere with model learning and lead to performance
degradation. To this end, open-set semi-supervised learning
(Open-set SSL) (Yu et al. 2020) has been emerging to tackle
the problem. It first detects out-of-distribution (OOD) sam-
ples as outliers and then recognizes in-distribution (ID) sam-
ples as belonging to the classes from the predefined label set.
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Existing Open-set SSL methods (Guo et al. 2020; Chen
et al. 2020) generally consist of an outlier detector and a
classifier. To avoid propagating wrong label information to
outliers during SSL training of the classifier, they first de-
tect outliers and then optimize SSL loss only for unlabeled
instances taken as inliers. To detect outliers, they aim to
estimate confidence score of a sample being an inlier (re-
versely, uncertainty score for outliers). For example, T2T
(Huang et al. 2021) proposes to detect outliers by cross-
modal matching over binary detector. OpenMatch (Saito,
Kim, and Saenko 2021) deploys a one-vs-all (OVA) classi-
fier (Saito and Saenko 2021) as outlier detector to output the
confidence score of considering a sample as an inlier and
reject outliers with confidence score below a threshold for
self-training in SSL. With outliers rejected, they can improve
recognition accuracy of SSL methods.

We identify two main limitations in current state-of-the-
art literature to tackle this task. First, most previous works
estimate confidence scores based on binary likelihoods gen-
erated from binary detectors activated by Softmax func-
tion. Such softmax-based networks only provide a point es-
timation of predicted class probabilities and cannot quantify
whether the uncertainty stems from the lack of knowledge
of outliers (epistemic uncertainty) or from the complexity
of the samples within the distribution (aleatoric uncertainty)
(Malinin and Gales 2018). Moreover, when we tackle a K-
way classification problem with a large K, the binary detec-
tors are less robust to identify outliers from such a complex
dataset that contains multi-class information (Carbonneau
et al. 2018). One advanced method, evidential deep learn-
ing (EDL) (Sensoy, Kaplan, and Kandemir 2018) can ex-
plicitly quantify the classification uncertainty corresponding
to the unknown class, by treating the network’s output as ev-
idence for parameterizing the Dirichlet distribution accord-
ing to subjective logic (Jøsang 2016). Compared with Soft-
max which only provides probabilistic comparison values
between classes, EDL models second-order probability and
uncertainty for each class. In this work, we take the first step
to introduce EDL into the outlier detector. As shown in Fig-
ure 1, EDL enables a multinomial detector to directly output
evidence for each class, which can alleviate the insufficient
scalability of existing binary detectors. Moreover, different
types of uncertainties can be distinguished by the output
vector, so we propose to design different uncertainty met-
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(a) Framework of Adaptive Negative Evidential Deep Learning (ANEDL). (b) Three cases of unlabeled samples.

Figure 1: Overview of our proposed Adaptive Negative Evidential Deep Learning (ANEDL). (a) The framework of ANEDL
consists of a shared feature extractor, a Softmax head and an EDL head. EDL head is used to detect outliers, while Softmax head
is used to classify. To effectively leverage the information of inlier and outlier from unlabeled samples, we introduce Negative
Optimization to explicitly regularize our EDL detector to output low evidence values for uncertain classes, while proposing
adaptive loss weights to encourage the detector to pay more attention to these uncertain classes. (b) Three cases of unlabeled
samples. Our model can quantify different types of uncertainty, including epistemic uncertainty due to lack of knowledge,
and aleatoric uncertainty due to the complexity of samples from the distribution. Among them, only samples with confident
predictions are used jointly with labeled samples to train the classification head.

rics for self-training and inference. Note that though EDL
shows an impressive performance in uncertainty quantifica-
tion, we empirically find its deficiency in learning represen-
tation preferred by classification tasks and consequent low
performance in classification accuracy. Therefore, we pro-
pose to take advantage of both Softmax and EDL, by keep-
ing Softmax for representation learning.

The other limitation of prior methods is that they do not
effectively leverage the information contained in unlabeled
data. The detector should output low confidence scores for
outliers, but this information is underutilized for model reg-
ularization, which may result in suboptimal performance
(Malinin and Gales 2018). In this regard, we propose adap-
tive negative optimization tailored for unlabeled data, where
the negative optimization is to explicitly regulate our EDL
detector to output K low evidence values for a given out-
lier sample. However, negative optimization can not directly
apply to inliers in unlabeled data. Therefore, we derive an
adaptive loss weight for encouraging the model to separately
treat inliers and outliers in the unlabeled data in the learning
process. It can largely avoid the interference between the
ID and OOD features as well as the leading problem of un-
certainty availability reduction. Specifically, we achieve this
by using the Fisher information matrix (FIM) introduced by
I-EDL (Deng et al. 2023) to identify the amount of infor-
mation for each class of unlabeled samples, while imposing
smaller constraints on the confident classes with high ev-
idence. Therefore, such optimization can sufficiently com-

press evidence values of unlabeled outliers without interfer-
ing with the learning of unlabeled inliers.

To our knowledge, we are the first to exploit evidential
deep learning in Open-set SSL and propose a novel Adaptive
Negative Evidential Deep Learning (ANEDL) framework.
Our main contributions can be summarized as follows:

• We introduce EDL as an outlier detector for Open-set
SSL, which enables quantification of different types of
uncertainty and design of different uncertainty metrics
for self-training and inference, respectively.

• We propose a novel adaptive negative optimization strat-
egy, which tailors EDL on the unlabeled dataset contain-
ing both inliers and outliers.

• Extensive experiments on four public datasets, includ-
ing CIFAR-10, CIFAR-100, ImageNet-30, and Mini-
ImageNet, show that our method outperforms state-of-
the-art methods in different settings.

Related Works
Semi-supervised Learning
Semi-supervised learning (SSL) aims to ease deep networks’
reliance on massive and expensive labeled data by utilizing
limited labeled data together with a large amount of un-
labeled data. Existing works can be generally categorized
into two paradigms: consistency regularization and pseudo
labeling (Lee et al. 2013). Consistency regularization as-
sumes that the network should be invariant to different per-
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turbations of the same instance. Pseudo-labeling takes confi-
dently pseudo-labeled unlabeled data as labeled data to train
the network. And many pseudo labeling methods like Fix-
Match (Sohn et al. 2020), FlexMatch (Zhang et al. 2021)
and AdaMatch (Berthelot et al. 2021) focus on how to select
confidently pseudo-labeled data. Although pseudo-labeling
methods have achieved tremendous success in SSL, they
are deeply rooted in the close-set assumption and can not
be directly applied to open-set SSL (Yu et al. 2020; Saito,
Kim, and Saenko 2021). Because noisy pseudo-labeled out-
liers may degrade the performance of self-supervised train-
ing. On the other hand, OpenMatch (Saito, Kim, and Saenko
2021) proposes that soft consistency regularization by mini-
mizing the distance between its predictions on two augmen-
tations of the same image can help SSL methods get rid
of the close-set assumption can be kept for open-set SSL.
Following OpenMatch, our method also applies soft consis-
tency regularization to the outlier detector.

Open-set Semi-supervised Learning
Open-set SSL (Guo et al. 2020; Chen et al. 2020) aims to de-
tect outliers while categorizing inliers into correct close-set
classes during training and inference. Existing open-set SSL
methods recognize the weakness of SSL methods in terms of
detecting outliers and they develop an extra outlier detector
to exclude outliers from self-supervised training. Their out-
lier detectors are based on binary classifier activated by soft-
max function. For example, MTC (Yu et al. 2020) deploys a
binary classifier to predict the probability of the instance be-
longing to outliers and updates the network parameters and
the outlier score alternately. OpenMatch (Saito, Kim, and
Saenko 2021) takes one-vs-all (OVA) classifier as its outlier
detector and proposes to apply soft consistency regulariza-
tion to the outlier detector. An OVA classifier is composed
of K binary classifiers and each classifier predicts the prob-
ability of the sample belonging to a specific class. However,
softmax-based networks are notorious for inflating the prob-
abilities of predicted classes (Szegedy et al. 2016; Guo et al.
2017; Wilson and Izmailov 2020), and binary detectors per-
form poorly on tasks with a large number of classes (Car-
bonneau et al. 2018). To address these limitations, we adopt
evidential deep learning (EDL) (Sensoy, Kaplan, and Kan-
demir 2018) as the outlier detector for Open-set SSL.

Evidential Deep Learning
Evidential neural networks (Sensoy, Kaplan, and Kandemir
2018) model the outputs as evidence to quantify belief
masses and uncertainty based on the Dempster-Shafer The-
ory of Evidence (DST) (Sentz and Ferson 2002) and subjec-
tive logic (Jøsang 2016). Similar to this work, (Malinin and
Gales 2018) propose Prior Networks that explicitly consider
the distributional uncertainty to quantify the mismatch of ID
and OOD distribution. Compared with the standard neural
network classifiers direct output the probability distribution
of each sample, EDL obtains the density of classification
probability assignments by parameterizing the Dirichlet dis-
tribution. Therefore, EDL can use the properties of Dirich-
let distribution to distinguish different types of uncertain-
ties, which shows an impressive performance in uncertainty

quantification and is widely used in various applications. For
example, (Zhao et al. 2020) proposes a multi-source uncer-
tainty framework combined with DST for semi-supervised
node classification with GNNs. (Soleimany et al. 2021) in-
troduces evidential priors over the original Gaussian like-
lihood function to model the uncertainty of regression net-
works. (Bao, Yu, and Kong 2021, 2022) propose a general
framework based on EDL for Open Set Recognition (OSR)
and Open Set Temporal Action Localization (OSTAL), re-
spectively. Compared with previous efforts, our work is the
first to exploit EDL to Open-set SSL. For Open-set SSL,
in addition to needing to distinguish unknown and known
classes at test time, more importantly is how to better uti-
lize the unlabeled data during training to learn the features
of known classes.

Method
Problem Setting
Open-set semi-supervised learning (Open-set SSL) aims to
learn a classifier by using a set of labeled and unlabeled
datasets. Unlike traditional semi-supervised learning (SSL),
the unlabeled dataset of Open-set SSL contains both ID and
OOD samples, i.e., inliers and outliers. More specifically,
for a K-way classification problem, let Dl = {(xl

j , y
l
j)}

Nl
j=1

be the labeled dataset, containing Nl labeled samples ran-
domly generated from a latent distribution P . The labeled
example xl

j can be classified into one of K classes, mean-
ing that its corresponding label ylj ∈ {c1, · · · , cK}. Let
Du = {xi

j}
Ni
j=1 ∪ {xo

j}
No
j=1 be the unlabeled dataset con-

sisting of Ni + No examples with labels either from the K
known classes (inliers) or never been seen (outliers). The
goal of Open-set SSL is to detect outliers while classifying
inliers into the correct class.

Adaptive Negative Evidential Deep Learning
Approach Overview. As shown in Figure 1, our proposed
framework contains three components: (1) a shared feature
extractor F (·); (2) a Softmax head C(·) that classifies sam-
ples by outputting K-way probabilities; (3) an EDL head
D(·) that quantifies uncertainty by outputting K evidence
values to detect outliers in unlabeled data. To adopt our
framework to Open-set SSL, we propose an Adaptive Neg-
ative Optimization strategy to train EDL head by using all
labeled and unlabeled samples. We introduce negative opti-
mization to explicitly regularize our EDL detector to output
low evidence values for uncertain classes, while deriving an
adaptive loss weight to encourage the detector to pay more
attention to these uncertain classes. For unlabeled data with
confident prediction, we will use them jointly to train the
Softmax classifier with labeled data.
Evidential Outlier Detector. Traditional outlier detectors
for Open-set SSL use Softmax activation function to pre-
dict confidence scores and achieve impressive performance.
However, such softmax-based detectors only provide a point
estimation of outlier probabilities, unable to quantify differ-
ent types of uncertainty. To tackle the limitations of Soft-
max, we introduce evidential deep learning (EDL) (Sen-
soy, Kaplan, and Kandemir 2018) to our framework as an
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outlier detection module. EDL proposes to integrate deep
classification networks into the evidence framework of sub-
jective logic (Jøsang 2016), to jointly predict classification
probabilities and quantify uncertainty. Specifically, for K-
way classification, EDL uses a network g(θ) to calculate
its evidence vector e = g(x|θ). Note that an activation
function, e.g. Relu or Softplus, is on top of g(θ) to guaran-
tee non-negative evidence. Then EDL correlates its derived
evidence vector e ∈ RK

+ to the concentration parameter
α ∈ RK

+ of Dirichlet distribution D(p|α) with the equal-
ity αi = ei + 1. Dirichlet distribution parameterized by α
models the density of classification probability assignments
and uncertainty. The expected probability of the kth class
and uncertainty can be derived by

p̂k =
αk

α0
and u =

K

α0
,

where α0 =
∑K

k=1 αk. Higher values of α0 lead to more
confident distributions. Given a sample, αk is incremented
to update the Dirichlet distribution of the sample when evi-
dence of kth class is observed.
Joint Optimization with Softmax and EDL. Although
EDL-related works (Sensoy, Kaplan, and Kandemir 2018;
Deng et al. 2023) are capable of jointly classifying and quan-
tifying uncertainty, we empirically find its deficiency in op-
timizing a network to learn representation for classification.
That is, the classification performance of the evidential net-
work is lower than that of a network activated by Softmax
and optimized with only cross-entropy loss. In this way, we
propose to take the strength of both Softmax and EDL and
jointly optimize their losses. In our proposed framework,
Softmax head takes charge of learning representation and
predicting classification probabilities, while EDL is respon-
sible for quantifying uncertainty. During training, with EDL
excluding outliers, we adopt an SSL method (i.e., FixMatch
following OpenMatch (Saito, Kim, and Saenko 2021)) to our
Softmax head to enhance representation quality and classi-
fication accuracy. We also utilize counterfactual reasoning
and adaptive margins proposed in DebiasPL (Wang et al.
2022a) to remove the bias of pseudo label in FixMatch.
Adaptive Negative Optimization. The core challenge of
Open-set SSL is that unlabeled data contains novel cate-
gories that are not seen in labeled training data. To enhance
the separation between inliers and outliers, detectors should
output low confidence scores for outliers, but traditional bi-
nary detectors do not sufficiently leverage this information
for model regularization, which may result in suboptimal
performance (Malinin and Gales 2018). Inspired by negative
learning (Ishida et al. 2017), we propose Adaptive Negative
Optimization (ANO) to avoid providing misinformation to
the EDL detector by focusing on uncertain classes. In par-
ticular, we introduce the negative optimization to explicitly
regulate our detector to output low evidence values for un-
certain classes. Meanwhile, adaptive loss weights are pro-
posed to encourage EDL detectors to pay more attention to
uncertain classes during the learning process.

More specifically, we adopt the Fisher information matrix
(FIM) introduced by I-EDL (Deng et al. 2023) to identify
the amount of information contained in each class of each

sample, while imposing explicit constraints on the informa-
tive uncertainty classes. I-EDL proves that the evidence of a
class exhibits a negative correlation with its Fisher informa-
tion, i.e., the class with more evidence corresponds to less
Fisher information, and shows an impressive performance
in uncertainty quantification (Deng et al. 2023). Therefore,
we propose to use FIM as an indicator to distinguish inliers
from outliers to adaptively regulate our model to pay more
attention to uncertain classes. For those uncertain classes
with less evidence in unlabeled samples, we impose ex-
plicit constraints to output K low evidence values through
the Kullback-Leibler (KL) divergence term. The objective
function for unlabeled data is defined as

min
θ

Ex∼Du

[
DKL(U∥N (EDir(α)[p], σ

2I(α)−1)
]

(1)

where U = N (1/K, λ2I), α = g(x|θ) + 1, and I(α)
denotes the FIM of Dir(α) (the closed-form expression
is provided in Appendix A.1). Eq.(1) can be understood
through the lens of probabilistic graphical models, where
the observed labels ŷ are generated from the Dirichlet dis-
tribution p with its parameter α calculated by passing the
input sample x through the network. Since our unlabeled
data contains both novel and known classes, we assume
ŷ ∼ N (p, σ2I(α)−1) to make the model pay more atten-
tion to uncertain classes. For the target variable y, we expect
its Dirichlet distribution p to obey a uniform distribution, i.e.
y ∼ N (1/K, λ2I). Finally, we use KL divergence to con-
strain the observed labels ŷ and the target variable y to obey
the same distribution. Due to the analyzable nature of the
Dirichlet distribution, Eq.(1) can be simplified as

LN-EDL
j =

K∑
k=1

(
1

K
− αjk

αj0
)2ψ1(αjk)− λ1 log |I(αj)|,

(2)
where αj0 =

∑K
k=1 αjk, and ψ1(·) represents the trigamma

function, defined as ψ1(x) = dψ(x)/dx = d2 ln Γ(x)/dx2

(See Appendix A.2 for the detailed derivation process). We
name the above weighted loss function as adaptive negative
EDL loss. Since ψ1(x) is a monotonically decreasing func-
tion when x > 0, class labels with less evidence would
be subject to greater penalties to achieve a flatter output.
Conversely, once a certain class of evidence is learned, the
weight will be reduced (see Fig.1), so that the inlier features
in the unlabeled dataset do not interfere too much with the
learning of outlier features. We also use labeled dataset to
enhance the learning of inlier features. We follow I-EDL
(Deng et al. 2023) to impose constraints on the uncertain
class of labeled samples, outputting a sharp distribution that
fits the ground truth. The loss function for an labeled sample
(xl

j ,y
l
j) ∈ Dl can be expressed as:

LP-EDL
j =

K∑
k=1

[
(yjk − αjk

αj0
)2 +

αjk(αj0 − αjk)

α2
j0(αj0 + 1)

]
ψ1(αjk)

− λ2 log |I(αj)|,
(3)

where yl
j denotes one-hot encoded ground-truth of xl

j .
Strengthened KL Loss. KL divergence loss LKL-ORI

j as part
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of classical EDL loss, aims to penalize evidence for mislead-
ing classes that a sample does not belong to:

LKL-ORI
j = DKL(Dir(pj |α̂j)∥Dir(pj |1)). (4)

where α̂j = αj ⊙ (1 − yl
j) + yl

j . However, LKL-ORI
j only

shrinks misleading evidence but leaves non-misleading ev-
idence ignored. To help enhance non-misleading evidence,
we propose to utilize a strengthened KL-divergence to force
our predicted Dirichlet distribution Dir(pj |αj) to approach
a new target Dirichlet distribution Dir(pj |β). In particular,
we introduce a new KL divergence term as follows,

LKL
j = DKL(Dir(pj |αj)∥Dir(pj |β)). (5)

For labeled data, we set β = [1, · · · , P, · · · , 1] ∈ RK
+ ,

where P is a large target evidence value for ground-truth,
e.g. 100. For unlabeled data, we set β = 1 as the target dis-
tribution. The detailed closed-form expression of LKL

j can
be found in Appendix A.3.
Overall Loss Function. For the EDL outlier detector, except
Eq. (2), (3), (5), we add a consistency loss LCON to enhance
the smoothness of detector, which is defined as

LCON(Du) =
1

Ni +No

Ni+No∑
j=1

∥αs
j −αw

j ∥22, (6)

where αs
j ,α

w
j represent the predicted evidence vector of

strong and weak augmentations of the same unlabeled sam-
ple. For the Softmax classifier, we compute the standard
cross-entropy loss LCE for labeled data and the FixMatch
loss LFM for the high-certainty inliers Iu identified by the
EDL detector. Therefore, the overall loss function of our
proposed ANEDL can be expressed as

LANEDL =LCE(Dl) + LFM(Iu)
+LANO(Dl,Du) + λCONLCON(Du),

(7)

where

LANO(Dl,Du) =λP-EDL
1

Nl

Nl∑
j=1

(LP-EDL
j + LKL

j )

+λN-EDL
1

Ni +No

Ni+No∑
j=1

(LN-EDL
j + LKL

j ),

(8)
λP-EDL, λN-EDL and λCON are the hyperparameters used to
control the trade-off for each objective.

To minimize our overall loss, we train our model for
two stages. In the first stage, we pre-train our model with
L = LCE(Dl) + LANO(Dl,Du) + λCONLCON(Du) which
drops LFM for EFM epochs. In second stage, we start self-
training of classifier and use LANEDL as loss function. Be-
fore every self-training epoch, we calibrate softmax head
and EDL head to calculate uncertainty metric to select the
inliers for softmax head to conduct self-training.

Uncertainty Metric for Open-set SSL
Inlier Selection in Self-training. To help better enhance
recognition performance with unlabeled data, we aim to se-
lect inliers with accurate pseudo labels from unlabeled data

for self-training. In FixMatch, pseudo label is generated by
Softmax head and will also be used to softmax head as a
supervision signal. Therefore, we propose to leverage EDL
head to quantify the uncertainty of the class predicted by
softmax head and select inliers with

confident prediction which are more likely to be accu-
rately pseudo-labeled.

Specifically, given an unlabeled sample xu, the Softmax
head produce a one-hot pseudo label ŷ ∈ {0, 1}K , the EDL
head output evidence α ∈ RK

+ . Then we use

MSelf-training = ŷ ·α

as the confidence value for xu. Larger values mean higher
confidence, and we select top-Omost certain unlabeled sam-
ples as inliers. Here, O is a hyperparameter.
Outlier Detection for Inference. Detecting outliers in test
data is also one of the tasks of Open-set SSL. Unlike select-
ing inliers from unlabeled data, detected inliers in test data
do not have to consider calibrating with Softmax. Therefore,
the uncertainty metric for inference is to accurately quantify
epistemic uncertainty for better separation between inliers
and outliers. Based on the evidence vector α predicted by
EDL head, we can derive various uncertainty metrics, i.e.
mutual information, differential entropy, and total evidence.

Previous EDL methods demonstrate total evidence α0 =∑K
k=1 αk achieves the best outlier detection performance

(Sensoy, Kaplan, and Kandemir 2018; Deng et al. 2023).
However, we empirically find that classes with small evi-
dence values may form a long-tail effect because the EDL
detector assigns a non-negative evidence value to each class.
Although these evidence values are small, their total amount
is not negligible, especially when dealing with tasks with a
large number of classes. To avoid these long-tailed evidence
values disturbing the separation between inliers and outliers,
we propose to sort the evidence vectors in descending order
and use only the sum of the top-M evidence values as the
confidence value for inference, which is defined as

MInference =

M∑
i=1

ᾱi, (9)

where ᾱ is the descending order of α.

Experiments
Datasets
We evaluate our method on four datasets, including CIFAR-
10, CIFAR-100 (Krizhevsky, Hinton et al. 2009), ImageNet-
30 (Hendrycks and Gimpel 2016) and Mini-ImageNet
(Vinyals et al. 2016). Appendix C.1 provides details about
the dataset. We follow OpenMatch (2021) to tailor the
dataset for Open-set SSL. Given a dataset, we first split its
class set into inlier and outlier class sets. Next, we randomly
select inliers to form labeled, unlabeled, validation, and test
dataset. Then all outliers will be randomly sampled into un-
labeled and test datasets. For the four datasets, we set sev-
eral experimental settings with different numbers of labeled
samples and different amounts of inliers/outliers classes.
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Dataset CIFAR-10 CIFAR-100 CIFAR-100 ImageNet-30

Inlier/Outlier Classes 6/4 55/45 80/20 20/10

No. of labeled samples 50 100 400 50 100 50 100 10%

FixMatch 56.1±0.6 60.4±0.4 71.8±0.4 72.0±1.3 79.9±0.9 64.3±1.0 66.1±0.5 88.6±0.5
MTC 96.6±0.6 98.2±0.9 98.9±0.1 81.2±3.4 80.7±4.6 79.4±1.0 73.2±3.5 93.8±0.8
T2T 43.1±8.8 43.1±14.1 56.2±1.4 60.4±8.9 62.2±4.4 74.2±6.3 65.4±13.4 55.7±10.8

OpenMatch 99.3±0.9 99.7±0.2 99.3±0.2 87.0±1.1 86.5±2.1 86.2±0.6 86.8±1.4 96.4±0.7

Ours 98.5±0.2 99.0±0.2 99.4±0.1 90.3±0.1 91.1±0.4 89.2±0.5 91.1±1.0 96.6±0.3

Table 1: Mean and standard deviation of AUROC (%) on CIFAR-10, CIFAR-100 and ImageNet-30. Higher is better. For
CIFAR-10 and CIFAR-100, the three runs correspond to three different folds. For ImageNet-30, the three runs are conducted
on the same folder but with different random seeds.

Dataset CIFAR-10 CIFAR-100 CIFAR-100 ImageNet-30

Inlier/Outlier Classes 6/4 55/45 80/20 20/10

No. of labeled samples 50 100 400 50 100 50 100 10%

FixMatch 43.2±1.2 29.8±0.6 16.3±0.5 35.4±0.7 27.3±0.8 41.2±0.7 34.1±0.4 12.9±0.4
MTC 20.3±0.9 13.7±0.9 9.0±0.5 33.5±1.2 27.9±0.5 40.1±0.8 33.6±0.3 13.6±0.7
T2T 10.4±1.2 11.3±1.3 9.5±1.4 29.1±0.9 27.0±0.4 35.7±1.4 31.6±1.0 12.2±0.9

OpenMatch 10.4±0.9 7.1±0.5 5.9±0.5 27.7±0.4 24.1±0.6 33.4±0.2 29.5±0.3 10.4±1.0
Ours 9.6±0.4 7.0±0.4 5.5±0.2 26.7±0.2 23.2±0.6 32.3±0.3 28.5±0.2 11.3±0.4

Table 2: Error rate (%) corresponding to Table 1. Lower is better.

Implementation Details
We employ a randomly initialized Wide ResNet-28-2
(Zagoruyko and Komodakis 2016) to conduct experiments
on CIFAR-10 and CIFAR-100, and a randomly initialized
ResNet-18 (He et al. 2016) for experiments on ImageNet-30
and Mini-ImageNet. The Softmax head is a linear layer and
the EDL head is non-linear, which is composed of 4 MLP
layers. For the pre-training stage, we set its length EFM

as 10 for all experiments. We set the length of an epoch as
1024 steps, which means we select a new set of inliers every
1024 steps during self-training. For hyper-parameters of Fix-
Match, we set them the same as in OpenMatch (Saito, Kim,
and Saenko 2021). We adopt SGD optimizer with 0.0001
weight decay and 0.9 momentum to train our model by set-
ting initial learning rate as 0.03 with the cosine decrease pol-
icy. We set the batch size of labeled and unlabeled samples
as 64 and 128 respectively for all experiments. Experiments
on ImageNet-30 are conducted with a single 24-GB GPU
and other experiments are conducted with a single 12-GB
GPU. All experiments in this work are conducted over three
runs with different random seeds, and we report the mean
and standard derivation of three runs.

Comparison with Other Methods
To illustrate the effectiveness of our method on Open-set
SSL, we compare it against several baseline methods, in-
cluding FixMatch (Sohn et al. 2020), MTC (Yu et al. 2020),
T2T (Huang et al. 2021) and OpenMatch (Saito, Kim, and
Saenko 2021). We use classification error rate to evaluate
the performance of classifier in inliers and AUROC to eval-

uate the performance of outlier detection. AUROC is the
general evaluation metric for novelty detection (Hendrycks
and Gimpel 2016). Table 1 and Table 2 show the AUROC
and error rate on the CIFAR-10, CIFAR-100, and ImageNet-
30, respectively, where the results of other methods are
quoted from OpenMatch (Saito, Kim, and Saenko 2021).
Figure 2 (a) and (b) reports the experimental results on Mini-
ImageNet, where the results of OpenMatch are obtained
based on the author’s own implementation.

As shown in Table 1, we can see that our method outper-
forms the SOTA method, i.e., OpenMatch, in most experi-
ment settings with respect to AUROC. In Table 2, our pro-
posed method also achieves SOTA performance in terms of
error rate in 7 out of 8 settings. These results illustrate that
our method is more advanced in epistemic uncertainty quan-
tification and has superior performance in outlier detection
as well as inlier classification. Notably, in the more chal-
lenging settings with a large number of classes, i.e., settings
on CIFAR-100, our method significantly outperforms Open-
Match in both error rate and AUROC, with improvements of
∼ 1% and ∼ 3%. It shows our multinomial detector is more
robust than the binary detector in identifying outliers from
complex modalities when dealing with K-way classification
tasks with large K. To further demonstrate our superiority in
settings with a large number of inlier classes, we compare
our method with OpenMatch on Mini-ImageNet, which is
even more difficult than CIFAR-100 with larger image size
and more complex patterns. As shown in Figure 2 (a) and
(b), our method consistently outperforms OpenMatch with
respect to both AUROC and error rate.
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Figure 2: (a) AUROC (%) and (b) Error rate (%) compared to OpenMatch on Mini-ImageNet. (c) The effect of M using in
MInference during inference. We use the same fold to conduct three runs and report the mean of three runs at the top of each bar.

NO Adaptive AUROC Error rate

88.4±0.4 27.0±0.3
✓ 89.0±0.3 26.9±0.3
✓ ✓ 90.3±0.1 26.7±0.2

Table 3: Component analysis of Adaptive Negative Opti-
mization (ANO).

Ablation Studies
All experiments of our ablation studies are conducted un-
der the setting of 55 inlier classes and 50 labeled samples
per class on CIFAR-100. We report the mean and standard
deviation of three runs on three different folds.
Component Analysis of ANO. Our ANO loss consists of
two components, i.e. negative optimization and adaptive loss
weight. For “without NO and Adaptive”, we directly re-
place LANO to classical EDL loss, which means we apply
no explicit constraints to outliers in unlabeled data. Since
the information contained in unlabeled data keeps underuti-
lized, both classification and outlier detection performance
are suboptimal as shown in Table 3. For “without Adap-
tive”, we remove our adaptive loss weight from LANO, which
means not using the FIM to identify the amount of informa-
tion for each class of unlabeled samples. As a result, all unla-
beled samples including inliers are equally regulated to out-
put K-low evidence values. Although negative optimization
compresses evidence values of unlabeled outliers, it simulta-
neously depresses the evidence of unlabeled inliers, making
inlier features and outlier features interfere with each other.
Therefore, its improvement compared to “without NO and
Adaptive” is still limited. Our proposed LANO, i.e., “with NO
and Adaptive”, peaks the best performance by sufficiently
compressing evidence values of unlabeled outliers without
interfering with the learning of unlabeled inliers.
Evaluation of Uncertainty Metric. To illustrate the effec-
tiveness of designing different uncertainty metrics for self-
training and inference, we conduct an ablation study and
summarize it in Table 4. Results show that using MSelf-training
and MInference for self-training and inference, respectively,
achieves the best performance in both AUROC and er-
ror rate. Since MSelf-training cannot distinguish outliers and

Self-training Inference AUROC Error rate

MInference MInference 89.8±0.2 27.8±0.2
MSelf-training MSelf-training 88.4±0.3 26.7±0.2
MSelf-training MInference 90.3±0.1 26.7±0.2

Table 4: Ablation study of uncertainty metric in self-training
and inference.

inliers with high aleatoric uncertainty, the AUROC using
MSelf-training is significantly lower than that of MInference.
However, the effect of using MInference during self-training
outperforms using MSelf-training, probably due to the fact that
inliers with high aleatoric uncertainty interfere with self-
training. Note that using different metrics during inference
only affects the effectiveness of outlier detection, not inlier
classification. Furthermore, since MInference uses the sum of
top-M evidence values as the metric, we also conduct an ab-
lation study to evaluate the effect of M . As shown in Figure
2 (c), the sum of topM = 25 evidence values is a better met-
ric to detect outliers, compared with the sum of all K = 55
evidence values. Note that the improvements steadily appear
in each trained model. Comparison with other values of M
also shows that too small M will miss useful evidence value
and lead to insufficient measurement of uncertainty.

Conclusion
In this work, we propose a novel framework, adaptive neg-
ative evidential deep learning (ANEDL), for open-set semi-
supervised learning. ANEDL adopts evidential deep learn-
ing (EDL) to Open-set SSL for the first time and designs
novel adaptive negative optimization method. In particular,
EDL, as an advanced uncertainty quantification method, is
deployed to estimate different types of uncertainty for in-
liers selection in self-training and outlier detection in infer-
ence. Furthermore, to enhance the separation between inliers
and outliers, we propose adaptive negative optimization to
explicitly compress the evidence value of outliers in unla-
beled data and avoid interfering with the learning of inliers
in unlabeled data with adaptive loss weight. Our extensive
experiments on four datasets demonstrate that our method is
superior to other SOTAs.
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