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Abstract

Semi-supervised learning (SSL) aims to leverage mas-
sive unlabeled data when labels are expensive to obtain.
Unfortunately, in many real-world applications, the col-
lected unlabeled data will inevitably contain unseen-class
outliers not belonging to any of the labeled classes. To
deal with the challenging open-set SSL task, the mainstream
methods tend to first detect outliers and then filter them
out. However, we observe a surprising fact that such ap-
proach could result in more severe performance degrada-
tion when labels are extremely scarce, as the unreliable
outlier detector may wrongly exclude a considerable por-
tion of valuable inliers. To tackle with this issue, we in-
troduce a novel open-set SSL framework, IOMatch, which
can jointly utilize inliers and outliers, even when it is dif-
ficult to distinguish exactly between them. Specifically, we
propose to employ a multi-binary classifier in combination
with the standard closed-set classifier for producing uni-
fied open-set classification targets, which regard all out-
liers as a single new class. By adopting these targets as
open-set pseudo-labels, we optimize an open-set classifier
with all unlabeled samples including both inliers and out-
liers. Extensive experiments have shown that IOMatch sig-
nificantly outperforms the baseline methods across differ-
ent benchmark datasets and different settings despite its re-
markable simplicity. Our code and models are available at
https://github.com/nukezil/IOMatch.

1. Introduction
Semi-supervised learning (SSL) [5] is a classical ma-

chine learning paradigm that attempts to improve a model’s
performance by utilizing unlabeled data in addition to in-
sufficient labeled data. With a tiny fraction of labeled data,
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Figure 1. The motivation of our work comes from a surprising fact
in open-set semi-supervised learning tasks: An unreliable outlier
detector can be more harmful than outliers themselves, because
it will wrongly exclude valuable inliers from subsequent training.
For this issue, we consider a unified paradigm for utilizing open-
set unlabeled data, even when it is difficult to distinguish exactly
between inliers and outliers, and thus we propose IOMatch.

advanced deep SSL methods can achieve the performance
of fully supervised methods in some cases, such as image
classification [21] and semantic segmentation [26].

Most existing SSL methods rely on the fundamental as-
sumption that labeled and unlabeled data share the same
class space. However, it is usually difficult, even impossi-
ble, to collect such a unlabeled data set in many real-world
applications since we can not manually examine the mas-
sive unlabeled data. Therefore, a more challenging scenario
arises, where unseen-class outliers not belonging to any of
the labeled classes exist in the unlabeled data. Such setting
is called Open-Set Semi-Supervised Learning (OSSL) [28].

The negative effects of unseen-class outliers have been
observed in a pioneer work [17]. As the research of SSL
has grown rapidly in recent years, we extensively evaluate
more advanced SSL methods. Some of the key results are
shown in Figure 1, in which we plot the performance un-
der standard and open-set SSL as the dash lines and charts,
respectively. Taking the classical method, FixMatch [21],
as an example, we can observe that adding extra outliers
does hurt the classification accuracy compared to the stan-
dard SSL setting with no outlier, because it is impossible
to obtain correct seen-class pseudo-labels for these outliers.
An intuitive approach to handle outliers is to detect and re-
move them, as OpenMatch [18] does. In particular, it com-
bines FixMatch with an outlier detector. The detector is
first pre-trained and then used to retain only inliers for Fix-
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Figure 2. Illustration of joint inliers and outliers utilization. We
fuse the predictions of the closed-set classifier and the multi-binary
classifier to produce the open-set targets for both inliers and out-
liers, where outliers are regarded as a single new class (denoted
in red). All the open-set unlabeled data will be fully exploited by
optimizing an open-set classifier via pseudo-labeling.

Match training. However, we find that such approach ac-
tually results in more severe performance degradation es-
pecially when labels are extremely scarce. The reason is
that the pre-trained detector can be so unreliable that it will
wrongly exclude a considerable portion of valuable inliers
from subsequent training. In this regard, a surprising fact is
that a bad detector is worse than no detector at all. Simi-
lar to OpenMatch, other existing methods [10,12, 28] using
various outlier detectors also suffer from this issue, as they
all follow the detect-and-filter paradigm.

From the above analysis, we can observe that the per-
formance of existing OSSL methods is highly dependent on
the unseen-class detection. However, it is difficult indeed to
obtain a reliable outlier detector in the early stage of train-
ing due to the scarcity of labels. Thus, instead of sending
open-set unlabeled samples into different learning branches
(e.g., inliers for pseudo-labeling and outliers being thrown
away), we are better to deal with them in a unified paradigm.
This allows the opportunity to make corrections even if the
unseen-class detection is not accurate at the beginning.

In this paper, we consider a novel strategy to jointly uti-
lize inliers and outliers without distinguishing exactly be-
tween them, and thus propose a simple yet effective OSSL
framework, IOMatch. Along with the standard closed-set
classifier, IOMatch adopts a multi-binary classifier [19] that
predicts how likely a sample is to be an inlier of each seen
class. We fuse the predictions of the two classifiers to pro-
duce unified open-set classification targets by regarding all
outliers as a new class. These open-set targets are then uti-
lized to train an open-set classifier with both unlabeled in-

Figure 3. We define the utilization rate of open-set unlabeled data
as the ratio of selected correct pseudo-labels to all unlabeled sam-
ples. Compared to the previous methods, IOMatch can not only
retain more valuable inliers but also utilize additional outliers by
adopting open-set targets as pseudo-labels.

liers and outliers via pseudo-labeling. We illustrate the core
idea in Figure 2. Different from the detect-and-filter meth-
ods [10,12,18,28], all the network modules of IOMatch are
simultaneously optimized, which makes it easy to use.

We conduct extensive experiments to demonstrate the ef-
fectiveness of IOMatch across different benchmark datasets
and different settings. The performance gains are significant
especially when labels are scarce and class mismatch is se-
vere. For instance, on the CIFAR-100 dataset, IOMatch out-
performs the current state-of-the-art by 7.46% and 4.78%,
when the proportion of outliers is as high as 80% and 50%,
and only 4 labels per seen class are available. Figure 3
explains why IOMatch is able to achieve such improve-
ments: Compared to the existing OSSL methods, IOMatch
avoids incorrect exclusion of valuable inliers; Compared to
the standard SSL methods, IOMatch can additionally utilize
“poisonous” outliers. In a nutshell, with the novel paradigm
of joint inliers and outliers utilization, open-set unlabeled
data can be more fully exploited by IOMatch.

We summarize our contributions as follows:
• We reveal that existing open-set SSL methods could

easily fail due to their unreliable outlier detectors when
labels are extremely scarce.

• We propose a novel open-set SSL framework called
IOMatch that can jointly utilize both inliers and out-
liers in a unified paradigm.

• We perform comprehensive experiments across vari-
ous OSSL settings. In spite of its simplicity, IOMatch
significantly outperforms the strong rivals, especially
when the tasks are challenging.

2. Related Work
2.1. Semi-Supervised Learning

For mainstream deep SSL approaches, consistency reg-
ularization [1] is a crucial technique and has been widely
adopted in many works [3, 14, 16, 20, 22]. Briefly speaking,
this technique enforces the model to output a consistent pre-
diction on the different perturbed versions of the same sam-
ple. Among existing works, FixMatch [21] is one of the
most influential SSL methods, which is popular for its sim-
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plicity and effectiveness. It improves consistency regular-
ization with strong data augmentation and performs pseudo-
labeling based on confidence thresholding. There are many
other works that have made important technical contribu-
tions to the research of SSL. ReMixMatch [2] introduces
distribution alignment and augmentation anchoring. Flex-
Match [30] and FreeMatch [25] propose to adjust the class-
specific confidence thresholds based on the different learn-
ing difficulties. CoMatch [15] and SimMatch [31] incorpo-
rate contrastive learning objectives to exploit instance-level
similarity. More comprehensive reviews on SSL theories
and methods can be found in [23, 24, 27].

Despite the remarkable success on various SSL tasks, all
these methods assume that labeled and unlabeled data share
the same class space. Such assumption could be difficult to
satisfy in real-world applications, which may lead to consid-
erable performance degradation. Therefore, it is necessary
to consider the more practical open-set SSL setting.

2.2. Open-Set Semi-Supervised Learning

As the standard closed-set classifier cannot assign cor-
rect seen-class pseudo-labels for unseen-class outliers, an
intuitive approach is to detect outliers and filter them out
before pseudo-labeling. Mainstream OSSL methods adopt
such detect-and-exclude strategy to reduce the perturba-
tion from outliers. For example, UASD [6] considers the
predictions of the closed-set classifier and use the confi-
dence to identify outliers. Also with the predictions, SAFE-
STUDENT [10] defines an energy-discrepancy score to re-
place the confidence. There are other several methods
which introduce additional network modules for unseen-
class detection. MTCF [28] adopts a binary classification
head which is trained in noisy label optimization paradigm.
T2T [12] proposes a cross-modal matching module to pre-
dict whether a sample is matched to an assigned one-hot
seen-class label. With the similar idea, OpenMatch [18] em-
ploys a group of one-vs-all classifiers as the outlier detector.

Although the above OSSL methods are effective when
labels are relatively sufficient (e.g., 100 labels per seen class
or more), it is hard to achieve satisfactory unseen-class de-
tection performance when the number of labeled samples is
extremely limited. In such a challenging scenario, even af-
ter a pre-training stage, the outlier detector still does not per-
form well due to the scarcity of labels. As a consequence, it
will tend to wrongly exclude a large portion of unlabeled in-
liers. Without exposure to these misidentified samples, such
errors are quite difficult to rectify, which will lead to more
severe performance degradation than that caused by outliers
themselves. A few recent methods propose to perform extra
pretext tasks, such as rotation recognition [12] and label dis-
tribution calibration [10], with the detected outliers. These
techniques may mitigate the adverse affects of the unreli-
able outlier detector, but cannot really address the issue.

Another related learning problem is out-of-distribution
(OOD) detection [11], which aims to separate OOD sam-
ples from in-distribution (ID) samples. OOD detection has
different problem formulation and learning objectives from
OSSL, so it is out of the scope of this work. For further dis-
cussions about the connections and differences between the
two problems, please refer to the supplementary material.

3. IOMatch
3.1. Preliminaries and Overview

We define the open-set semi-supervised learning task
as following. For a K-class classification problem, let
X = {(xi, yi) : i ∈ (1, . . . , B)} be a batch of B labeled
samples, where xi is a training sample and yi ∈ {1, . . . ,K}
is the corresponding label. Let U = {ui : i ∈ (1, . . . , µB)}
be a batch of µB unlabeled samples, where µ is a hyper-
parameter that determines the relative sizes of X and U .
In the OSSL task, there exists a subset Uout ⊂ U , where
Uout = {uout} and uout does not belong to any of the K
seen classes. Then, Uout are called unseen-class outliers
and the rest of unlabeled samples U in = U/Uout are called
seen-class inliers.

Given a labeled batch X , we apply a random weak
transformation function Tw(·) to obtain the weakly aug-
mented samples. A base encoder network f(·) is em-
ployed to extract the features from these samples, i.e., hi =
f(Tw(xi)) ∈ RD. A closed-set classifier ϕ(·) maps the fea-
ture hi into the predicted seen-class probability distribution,
i.e., pi = ϕ(hi). The labeled batch are used to optimize the
networks with the standard cross-entropy loss H(·, ·):

Ls(X ) =
1

B

B∑
i=1

H(yi,pi). (1)

Additionally, we adopt a projection head g(·) to obtain the
low-dimensional embedding zi = g(hi) ∈ Rd and then a
multi-binary classifier χ(·) to produce the class-wise likeli-
hood of inliers or outliers oi = χ(zi) ∈ R2K .

For an unlabeled batch U , we apply both the weak and
strong augmentation with Tw(·) and Ts(·). The same oper-
ations as above are performed to obtain hw

i , zw
i , pw

i , and
ow
i for the weakly augmented samples Tw(ui); hs

i , zs
i , ps

i

and os
i for the strongly augmented samples Ts(ui). More-

over, an open-set classifier ψ(·) is introduced for the unla-
beled samples to predict the open-set probability distribu-
tion, where all outliers are regarded as a single new class.

The overall framework of IOMatch is illustrated in Fig-
ure 4. We propose a novel approach to produce unified
open-set targets by fusing predictions of the closed-set clas-
sifier and the multi-binary classifier. These targets are then
used to optimize the closed-set and open-set classifiers to
achieve joint inliers and outliers utilization. As an one-stage
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Figure 4. Overview of IOMatch. In each iteration, we first employ
the closed-set classifier and the multi-binary classifier to produce
the open-set targets, which are then used for selecting high-quality
inliers and utilizing outliers. All the network modules in IOMatch
are simultaneously optimized with four learning objectives.

method, IOMatch shows remarkable simplicity and is easy
to deploy across various OSSL settings.

3.2. Unified Open-Set Targets Production

As the standard closed-set classifier can only assign each
sample to one of the seen classes, we employ an additional
multi-binary classifier which has been proved capable in
related unseen-class detection problems [18, 19, 32]. The
multi-binary classifier can be viewed as a combination of
K sub-classifiers, i.e., χ = {χk : k ∈ (1, . . . ,K)}. Tech-
nically, χk is the binary classifier for the k-th seen class with
the output oi,k = χk(zi) ∈ R2, where oi,k = (oi,k, ōi,k)
and oi,k+ ōi,k = 1. oi,k is a probability distribution to indi-
cate how likely the sample xi is to be an inlier or an outlier
with respect to the k-th seen class. The hard-negative sam-
pling strategy [19] is adopted to optimize the multi-binary
classifier with the labeled samples:

Lmb(X ) =
1

B

B∑
i=1

(
− log(oi,yi)− min

k ̸=yi

log(ōi,k)

)
. (2)

Combining the multi-binary classifier with the closed-
set classifier makes it possible to identify outliers. In the
previous work, OpenMatch [18], an unlabeled sample ui

is first assigned to one of the K seen classes according to
the closed-set prediction, i.e., ŷi = argmaxk(p

w
i,k). Then,

the binary probability owi,ŷi
is considered to decide whether

the sample is an inlier of the ŷi-th seen class or an unseen-
class outlier, with the natural threshold of 0.5. When the
labels are relatively sufficient (e.g., 100 labels per class or
more), such approach is effective, since the closed-set and
the multi-binary classifiers can perform well after a pre-
training stage with the labeled samples. However, when the
number of labeled samples is limited, the one-hot pseudo-
labels for seen classes will be hardly reliable.

Aware of this issue, we propose a novel approach to
fully fuse the predictions of the two classifiers. Specifi-

cally, for each unlabeled sample ui, the seen-class proba-
bility distribution is predicted by the closed-set classifier,
i.e., p̃i = DA(ϕ(hw

i )), where DA(·) stands for the distribu-
tion alignment strategy proposed by [2] to balance the dis-
tribution of the model’s predictions and thus prevent them
from collapsing to certain classes. As the two classifiers are
parameter-independent, p̃i,k and owi,k are two distinct and
complementary predictions on how likely ui belongs to the
k-th seen class. Therefore, for 1 ≤ k ≤ K, we use

q̃i,k = p̃i,k · owi,k (3)

to estimate the probability that ui belongs to the k-th seen
class, when taking the possibility of outliers into consider-
ation. Therefore, the probability that ui is an outlier not
belonging to any of the K seen classes is estimated by

Si = 1−
K∑
j=1

q̃i,j =
K∑
j=1

p̃i,j · ōwi,j . (4)

Putting them all together produces a (K+1)-way class
probability distribution q̃i ∈ RK+1 by regarding all unseen
classes as the virtual (K+1)-th class:

q̃i,k =

p̃i,k · owi,k if 1 ≤ k ≤ K;∑K
j=1 p̃i,j · ōwi,j if k = K + 1.

(5)

In this way, we obtain a kind of unified open-set targets for
all unlabeled samples, eliminating the need to precisely dif-
ferentiate between inliers and outliers. This lays the foun-
dation for the joint utilization of both inliers and outliers.

3.3. Joint Inliers and Outliers Utilization

For all the open-set unlabeled samples, we adopt the
open-set targets as supervision to train the open-set clas-
sifier ψ(·) with its predictions qs

i = ψ(zi
s) ∈ RK+1 on the

strongly augmented samples:

Lop(U) =
1

µB

µB∑
i=1

1(max
k

(q̃i,k) > τq) · H(q̃i, q
s
i ), (6)

where 1(·) is the indicator function and τq is the confidence
threshold. In practice, we usually choose a low value for τq
so that most of the unlabeled samples can be utilized. Dif-
ferent from the traditional consistency regularization tech-
nique, we use q̃i instead of the predictions qw

i on the weakly
augmented samples as supervision. In this way, the genera-
tion and utilization of pseudo-labels can be disentangled to
alleviate the accumulation of confirmation bias.

As the open-set targets are produced by the closed-set
and the multi-binary classifiers, we need to further optimize
the two classifiers to obtain better open-set targets. In fact,
optimizing the open-set classifier via pseudo-labeling leads
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Algorithm 1 Optimization of IOMatch in Every Training Iteration

Input: {(xi, yi)}Bi=1 and {ui}µBi=1: Labeled and unlabeled samples. Tw(·) and Ts(·): Weak and strong augmentation. f(·):
Base encoder. g(·): Projection head. ϕ(·): Closed-set classifier. χ(·): Multi-binary classifier. ψ(·): Open-set classifier. τp
and τq: Confidence thresholds. λmb, λui, λop: Weights of losses.

1: hi = f(Tw(xi)), hw
i = f(Tw(ui)), hs

i = f(Ts(xi)) ▷ Obtain the features of the labeled and unlabeled samples.
2: zi = g(hi), zw

i = g(hw
i ), z

s
i = g(hs

i ) ▷ Map the features into the projection space.
3: p = ϕ(hi), p̃ = DA(ϕ(hw

i )), p
s = ϕ(hs

i ), o = χ(zi), ow = χ(zw
i ) ▷ Make closed-set and multi-binary predictions.

4: Ls(X ) = 1
B

∑B
i=1 H(yi,pi) ▷ Calculate the supervised loss.

5: Lmb(X ) = 1
B

∑B
i=1 (− log(oi,yi

)−mink ̸=yi
log(ōi,k)) ▷ Calculate the multi-binary loss.

6: q̃i,k = p̃i,k · owi,k(1 ≤ k ≤ K); q̃i,K+1 = Si =
∑K

j=1 p̃i,j · ōwi,j ▷ Produce open-set targets.

7: Lop(U) = 1
µB

∑µB
i=1 1(maxk(q̃i,k) > τq) · H(q̃i, q

s
i ) ▷ Calculate the open-set loss.

8: Lui(U) = 1
µB

∑µB
i=1 1(maxk(p̃i,k) > τp) · 1(Si < 0.5) · H(p̃i,p

s
i ) ▷ Calculate the unlabeled inliers loss.

Output: The overall loss Loverall = Ls + λmbLmb + λuiLui + λopLop to update the network parameters.

to more discriminative features in the projection space and
improves the performance of the multi-binary classifier at
the same time. Then, for the closed-set classifier, we pro-
pose a double filtering strategy to select high-quality seen-
class pseudo-labels of inliers:

Lui(U) =
1

µB

µB∑
i=1

F(ui) · H(p̃i,p
s
i ). (7)

F(·) is the filtering function, which is defined as F(ui) =
1(maxk(p̃i,k) > τp)·1(Si < 0.5), where τp is another con-
fidence threshold. We use Si to exclude the likely outliers
and use τp to ignore incorrect pseudo-labels of inliers. As
these temporarily excluded samples have been utilized by
the open-set classifier, the true inliers will be gradually in-
volved in the training, which prevents IOMatch from falling
into the same issue as the previous OSSL methods.

The overall optimization objective of IOMatch is consis-
tent through the training, which is defined as

Loverall = Ls + λmbLmb + λuiLui + λopLop, (8)

where λmb, λui, and λop are the weights of each learning
objective, respectively. As these learning objectives are all
cross-entropy losses1 with the same order of magnitude, we
can simply set λmb = λui = λop = 1. In Algorithm 1, we
present the detailed optimization procedure in every train-
ing iteration. Different from the existing OSSL methods
based on the detect-and-filter strategy, IOMatch is an one-
stage framework which omits a sensitive hyperparameter,
i.e., the number of epochs for pre-training the outlier de-
tector. Using only cross-entropy losses, IOMatch is much
easier to implement than the methods equipped with com-
plex contrastive learning objectives. From these aspects,
IOMatch shows remarkable simplicity.

1The multi-binary loss Lmb can be viewed as the combination of two
binary cross-entropy losses.

3.4. Inference

The well trained encoder, projector, and classifiers of
IOMatch will be used for inference. For the closed-set clas-
sification task, the closed-set classifier is employed to ob-
tain pt = ϕ(f(xt)) and assign the test sample xt to the ŷt-
th seen class, where ŷt = argmaxk(pt,k) ∈ {1, . . . ,K}.
For the open-set classification task that regards all unseen-
class outliers as a single new class, we consider the open-set
probability distribution produced by the open-set classifier,
i.e., qt = ψ(g(f(xt))). The open-set prediction is given
by ŷt = argmaxk(qt,k) ∈ {1, . . . ,K + 1}. In fact, qt can
also be used for the closed-set task by ignoring its last item,
while we still use pt to be consistent with other methods.

3.5. Connections to Existing Methods

Although both employ the multi-binary classifier for
unseen-class detection, IOMatch distinguishes itself from
the previous OpenMatch [18] in the following aspects: (1)
In IOMatch, we optimize the closed-set classifier and the
multi-binary classifier in different feature spaces to miti-
gate mutual interference. (2) All the network modules in
IOMatch are simultaneously optimized, without an extra
pre-training stage for the multi-binary classifier. (3) We
adopt a novel unified paradigm for jointly utilizing inliers
and outliers, which is totally different from the conventional
detect-and-exclude strategy.

Compared to the standard SSL methods, like FixMatch
[21], IOMatch can properly utilize the outliers to mitigate
their negative affects on pseudo-labeling and even be able
to achieve additional performance gains from them. More-
over, IOMatch is a general SSL framework that also per-
forms well in the standard SSL setting. For standard SSL
tasks, IOMatch can utilize the low-confidence inliers (as a
kind of “outliers”), which will be ignored by FixMatch. It
will yield significant performance improvements, especially
when labels are scarce.
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4. Experiments
4.1. Experimental Setup

We construct the open-set SSL benchmarks using public
datasets, CIFAR-10/100 [13] and ImageNet [7]. We adopt a
similar manner to [18] for splitting seen and unseen classes.
We conduct experiments with varying class splits and vary-
ing labeled set sizes in order to cover various open-set SSL
settings. Both the closed-set and open-set performance of
methods are evaluated.

Baselines. For standard SSL methods, we focus on
the latest state-of-the-arts, including MixMatch [3], ReMix-
Match [2], FixMatch [21], CoMatch [15], FlexMatch [30],
SimMatch [31] and FreeMatch [25]. We exclude earlier
deep SSL methods [14, 16, 20, 22] because these methods
perform worse than a model trained only with labeled data
on OSSL tasks [6, 8, 17]. For open-set SSL methods, we
consider the published works, including UASD [6], DS3L
[8], MTCF [28], T2T [12], OpenMatch [18] and SAFE-
STUDENT [10].

Closed-Set Evaluation. In this work, we mainly con-
sider the closed-set classification accuracy on the test data
from seen classes only, which measures the ability of mod-
els to utilize open-set unlabeled data for helping seen-class
classification. We follow USB [24] to report the best re-
sults of all epochs to avoid unfair comparisons caused by
different convergence speeds. Each task is conducted with
three different random seeds and the results are expressed
as mean values with standard deviation.

Open-Set Evaluation. For open-set SSL methods, we
additionally evaluate their classification performance on
open-set test data including both seen and unseen classes.
In testing, we regard all unseen classes as a single new
class, i.e., the (K+1)-th class. Considering the open-set test
data can be extremely class-imbalanced, since the number
of outliers is much larger than that of inliers from each seen
class, we adopt Balanced Accuracy (BA) [4] as the open-set
classification accuracy, which is defined as

BA =
1

K + 1

K+1∑
k=1

Recallk, (9)

where Recallk is the recall score of the k-th class. For each
method, the evaluation uses its best checkpoint model in
terms of the closed-set performance.

Fairness of Comparisons. We have taken utmost care to
ensure fair comparisons in our evaluation. Firstly, we create
a unified test bed using the USB codebase [24]. For the stan-
dard SSL methods, we follow the re-implementations pro-
vided by USB as they yield better results than the published
ones under the standard SSL setting. As for the previous
open-set SSL methods, we incorporate their released code
into our test bed. Because our experimental setup differs

from those of the previous works (as ours involves fewer la-
bels, making it more challenging), we first evaluate these re-
implemented methods in their original setups and observe
the results that are close to or higher than those reported
in the published papers, which verifies the correctness of
our re-implementations. Moreover, for the hyperparame-
ters that are common to different methods, we make sure
that they have consistent values. As for method-specific hy-
perparameters, we refer to the optimal values provided in
their original papers. Experiments of each setting are per-
formed using the same backbone networks, the same data
splits, and the same random seeds.

4.2. Main Results

4.2.1 CIFAR-10 and CIFAR-100

For CIFAR-10, we use the animal classes as seen classes
and the others as unseen classes, resulting in a seen/unseen
class split of 6/4. CIFAR-100 consists of 100 classes from
20 super-classes. We split the super-classes into seen and
unseen so that inliers and outliers will belong to different
super-classes. We use the first 4, 10, or 16 super-classes
as seen classes, resulting in three splits of 20/80, 50/50,
and 80/20, respectively. For both CIFAR-10 and CIFAR-
100, we randomly select 4 or 25 samples from the training
set of each seen class as the labeled data and use the rest
of the training set as the unlabeled data. We use WRN-28-
2 [29] as the backbone encoder. We use an identical set of
hyperparameters, which is {λmb = λui = λop = 1, τp =
0.95, τq = 0.5, µ = 7, B = 64, Ne = 256, Ni = 1024},
across all tasks. Ne indicates the total number of training
epochs and Ni is the number of iterations per epoch.

For the closed-set classification tasks, we compare the
proposed IOMatch with thirteen latest standard and open-
set SSL methods. For convenience, we denote the tasks
on CIFAR-10 with 6 seen classes, 4 and 25 labeled sam-
ples per class as CIFAR-6-24 and CIFAR-6-150, re-
spectively. The denotations are similar for other tasks. We
report the performance of the closed-set classifier to be
consistent with other baselines. The results are presented
in the Table 1. With respect to the closed-set classifica-
tion accuracy, IOMatch achieves best performance in most
tasks. When the class mismatch is severe and the labels are
scarce, the improvements are quite remarkable. In partic-
ular, IOMatch outperforms the strongest rivals by 3.60%,
7.46% and 4.78% on CIFAR-6-24, CIFAR-20-80, and
CIFAR-50-200, respectively.

When more labeled samples are available and fewer un-
labeled outliers exist, the performance gains of IOMatch
would be smaller. The reason is that, in these less chal-
lenging tasks, the current state-of-the-art SSL method like
SimMatch [31], can be relatively robust to the outliers with
the help of its intricate contrastive learning objective. How-
ever, IOMatch can achieve better or comparable perfor-
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Table 1. Closed-set classification accuracy (%) on the seen-class test data of CIFAR-10/100 with varying seen/unseen class splits and
labeled set sizes. We report the mean with standard deviation over 3 runs of different random seeds.

Dataset CIFAR-10 CIFAR-100

Class split (Seen / Unseen) 6 / 4 20 / 80 50 / 50 80 / 20

Number of labels per class 4 25 4 25 4 25 4 25

St
an

da
rd

SS
L

MixMatch [3] NeurIPS’19 43.08 ± 1.79 63.13 ± 0.64 28.13 ± 5.06 51.28 ± 1.45 26.97 ± 0.46 56.93 ± 0.84 28.35 ± 0.83 53.77 ± 0.97
ReMixMatch [2] ICLR’20 72.82 ± 1.81 87.08 ± 1.12 36.02 ± 3.56 61.83 ± 0.81 37.57 ± 1.54 65.80 ± 1.33 40.64 ± 2.97 62.90 ± 1.07
FixMatch [21] NeurIPS’20 81.58 ± 6.63 92.94 ± 0.80 46.27 ± 0.64 66.45 ± 0.74 48.93 ± 5.05 68.77 ± 0.89 43.06 ± 1.21 64.44 ± 0.51
CoMatch [15] ICCV’21 86.08 ± 1.08 92.57 ± 0.47 43.53 ± 3.01 66.82 ± 1.37 43.17 ± 0.55 67.85 ± 1.17 37.89 ± 1.22 62.04 ± 0.08

FlexMatch [30] NeurIPS’21 73.34 ± 4.42 86.44 ± 3.72 37.93 ± 4.49 62.68 ± 2.02 44.10 ± 1.88 68.98 ± 0.94 43.44 ± 2.40 64.34 ± 0.64
SimMatch [31] CVPR’22 79.84 ± 4.76 90.07 ± 2.44 36.93 ± 5.72 67.23 ± 1.13 51.53 ± 2.02 69.71 ± 1.44 50.32 ± 2.57 65.68 ± 1.43
FreeMatch [25] ICLR’23 79.26 ± 4.11 92.27 ± 0.15 45.18 ± 8.36 64.62 ± 0.79 50.26 ± 1.92 68.57 ± 0.27 47.34 ± 0.57 64.41 ± 0.55

O
pe

n-
Se

tS
SL

UASD [6] AAAI’20 35.25 ± 1.07 56.42 ± 1.34 29.78 ± 4.28 53.78 ± 0.67 29.08 ± 1.44 54.24 ± 1.10 26.41 ± 2.16 50.33 ± 0.62
DS3L [8] ICML’20 39.09 ± 1.24 51.83 ± 1.06 19.70 ± 1.98 41.78 ± 1.45 21.62 ± 0.54 47.41 ± 0.61 20.10 ± 0.48 40.51 ± 1.02

MTCF [28] ECCV’20 49.15 ± 6.12 74.42 ± 2.95 32.58 ± 3.36 55.93 ± 1.66 35.35 ± 2.39 57.72 ± 0.20 25.40 ± 1.20 54.59 ± 0.49
T2T [12] ICCV’21 73.89 ± 1.55 85.69 ± 1.90 44.23 ± 2.27 65.60 ± 0.71 39.31 ± 1.16 68.59 ± 0.92 38.16 ± 0.59 63.86 ± 0.32

OpenMatch [18] NeurIPS’21 43.63 ± 3.26 66.27 ± 1.86 37.45 ± 2.67 62.70 ± 1.76 33.74 ± 0.38 66.53 ± 0.54 28.54 ± 1.15 61.23 ± 0.81
SAFE-STUDENT [10] CVPR’22 59.28 ± 1.18 77.87 ± 0.14 34.53 ± 0.67 58.07 ± 1.40 35.84 ± 0.86 62.75 ± 0.38 34.17 ± 0.69 57.99 ± 0.34

IOMatch Ours 89.68 ± 2.04 93.87 ± 0.16 53.73 ± 2.12 67.28 ± 1.10 56.31 ± 2.29 69.77 ± 0.58 50.83 ± 0.99 64.75 ± 0.52

Table 2. Open-set classification balanced accuracy (%) on the open-set test data of CIFAR-10/100, which consist of samples from all the
seen and unseen classes. We report the mean with standard deviation over 3 runs of different random seeds.

Dataset CIFAR-10 CIFAR-100

Class split (Seen / Unseen) 6 / 4 20 / 80 50 / 50 80 / 20

Number of labels per class 4 25 4 25 4 25 4 25

O
pe

n-
Se

tS
SL

UASD [6] AAAI’20 17.10 ± 0.32 36.01 ± 0.22 10.50 ± 0.83 26.96 ± 0.53 6.92 ± 0.55 32.23 ± 0.54 5.77 ± 0.21 27.61 ± 1.15
DS3L [8] ICML’20 30.89 ± 0.33 40.45 ± 0.77 12.56 ± 1.21 34.35 ± 0.41 12.14 ± 0.39 35.17 ± 0.48 11.10 ± 1.27 29.09 ± 0.31

MTCF [28] ECCV’20 33.35 ± 7.21 46.13 ± 0.54 8.12 ± 2.10 26.60 ± 3.66 4.13 ± 0.37 38.36 ± 0.29 1.46 ± 0.17 30.75 ± 0.52
T2T [12] ICCV’21 50.57 ± 0.38 61.10 ± 0.39 17.17 ± 1.37 37.18 ± 0.60 12.74 ± 2.66 44.24 ± 0.42 34.23 ± 0.57 51.41 ± 0.96

OpenMatch [18] NeurIPS’21 14.37 ± 0.05 20.35 ± 3.50 8.77 ± 2.84 39.89 ± 1.16 7.00 ± 0.02 49.75 ± 1.08 6.30 ± 0.87 44.83 ± 0.62
SAFE-STUDENT [10] CVPR’22 45.27 ± 0.36 52.78 ± 0.64 15.94 ± 1.07 28.83 ± 0.46 23.98 ± 0.88 46.71 ± 1.74 29.43 ± 0.66 50.48 ± 0.61

IOMatch Ours 75.08 ± 1.92 78.96 ± 0.08 45.94 ± 1.70 58.52 ± 0.48 46.36 ± 1.93 60.78 ± 0.71 39.96 ± 0.95 54.39 ± 0.38

mance with less computation overhead. Furthermore, we
intend to demonstrate that IOMatch is also compatible with
these potent techniques. When coupled with the auxiliary
self-supervised learning objectives [2], the performance of
IOMatch can be further enhanced, surpassing the baselines
entirely, as shown in Table 5.

Because the standard SSL methods do not have the capa-
bility to detect unseen-class outliers, we perform the open-
set evaluation only with the open-set SSL methods. From
the results presented in Table 2, it is clear that IOMatch out-
performs all the baselines by large margins. As we have
discussed previously, the outlier detectors in these methods
suffer severely from the label scarcity and tend to wrongly
detect the vast majority of inliers as outliers, which results
in the bad performance, especially when only 4 labels per
class are available.

In Table 2, the outliers used for testing are similar to
those processed during training, as we use the original test
sets of CIFAR10/100, which include all the 10/100 classes.

In order to evaluate the classification performance on the
wild open-set test data, we also conduct the experiments
with the test set containing foreign outliers from different
datasets than CIFAR10/100. We observe that IOMatch can
still achieve impressive open-set performance for this case.
We present the detailed setting and corresponding results in
the supplementary material.

4.2.2 ImageNet

Following [18], we choose ImageNet-30 [14], which is
a subset of ImageNet [7] containing 30 classes. The first
20 classes are used as seen classes and the rest as unseen
classes. For each seen class, we randomly select 1% or 5%
of images with labels (13 or 65 samples per class, respec-
tively) and the rest of images are unlabeled. Considering the
high computation overhead, we adopt ResNet-18 [9] as the
backbone encoder and set {B = 32, µ = 1, Ne = 100} to
finish the experiments in reasonable time. Other hyperpa-
rameters are kept consistent with the previous experiments
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Table 3. Close-set and open-set accuracy (%) on ImageNet-30
with the class split of 20/10. We report the mean with standard
deviation over 3 runs of different random seeds.

Evaluation Closed-Set Open-Set

Labeled ratio 1% 5% 1% 5%

FixMatch 52.52 ± 3.82 78.55 ± 1.46 − −
CoMatch 62.92 ± 0.90 79.17 ± 0.42 − −
SimMatch 64.15 ± 0.94 80.23 ± 0.53 − −

T2T 63.70 ± 0.83 78.87 ± 0.49 48.81 ± 0.88 58.51 ± 0.41
OpenMatch 56.35 ± 3.35 73.90 ± 1.05 21.80 ± 1.90 57.25 ± 0.76

SAFE-STUDENT 58.38 ± 2.34 75.85 ± 0.99 44.08 ± 2.09 55.25 ± 1.46

IOMatch 69.18 ± 1.68 81.43 ± 0.78 57.71 ± 2.69 73.94 ± 0.99

Figure 5. Ablation results on different combinations of learning
objectives. ”A1”, ”A2”, and ”A3” stand for the frameworks opti-
mized with {Ls,Lui}, {Ls,Lmb,Lui}, {Ls,Lmb,Lop}, respec-
tively. We compare the performance with FixMatch (“Baseline”)
and the full version of IOMatch (“Full”).

on CIFAR10/100. Similarly, we denote the two tasks as
ImageNet-20-P1 and ImageNet-20-P5.

We select the methods achieving better performance for
the complete evaluation with three different seeds. The re-
sults including closed-set and open-set classification accu-
racy on ImageNet-30 are presented in Table 3. On this
more complex and more challenging benchmark dataset,
IOMatch also demonstrates its superiority in both closed-
set and open-set performance. The performance can be fur-
ther improved, if we use deeper backbone networks, larger
batch size, and more training epochs. Nevertheless, the cur-
rent results have demonstrated the effectiveness of IOMatch
when computational resources are relatively limited.

4.3. Ablation Analysis and Discussions

To better understand why IOMatch can obtain state-of-
the-art results on OSSL tasks, we perform extensive abla-
tion studies on the learning objectives and corresponding
hyperparameters. Besides, we present some important ad-
ditional results and discuss the current design and further
improvements of IOMatch in depth.

Learning Objectives. With the standard closed-set clas-
sifier, IOMatch additionally introduces a multi-binary clas-
sifier and an open-set classifier. To examine the effects of
these modules, we ablate their corresponding objectives,

Figure 6. Performance with different values of each weight (i.e.,
λmb, λui and λop). It is shown that setting all the weights to 1 is a
simple yet appropriate choice.

𝝉𝒑 𝝉𝒒

Figure 7. We vary the confidence thresholds, τp and τq , respec-
tively. The set {τp = 0.95, τq = 0.5} gives the best performance.

Lui, Lmb, and Lop, respectively. The results are presented
in Figure 5. Comparing “A2” with “A1”, using the multi-
binary classifier alone can bring some improvement as it
can help to select more accurate closed-set pseudo-labels.
From the results of “A3”, we find the unsupervised train-
ing of the closed-set classifier is still important for produc-
ing better open-set targets. Most importantly, the compar-
isons demonstrate that the joint inliers and outliers utiliza-
tion achieved by Lop is the key to the success.

Weights of Losses. We separately set the value of each
weight (i.e., λmb, λui and λop) to traverse {0.25, 0.5, 0.75,
1, 1.25, 1.5, 2}, and control the other two weights to be 1.
And please note that we have already discussed the extreme
cases where the weights are set to 0 in the above ablation
study. As shown in the Figure 6, the performance remains
relatively stable when the weights are close to 1; whereas
the weights that are too small or too large may lead to per-
formance degradation. Since the learning objectives are all
cross-entropy losses with the same order of magnitude, it is
reasonable to balance them with similar weights, which is
well supported by the experimental observations.

Confidence Thresholds. We adopt the different confi-
dence thresholds (i.e., τp and τq) for the closed-set classifier
and the open-set classifier. We present the results of vary-
ing τp and τq values separately in Figure 7. It is shown that
the performance is relatively robust to the value of τp. Even
with τp = 0, the unseen-class scores Si can be used for se-
lecting high-quality pseudo-labels alone. However, it is still
helpful to choose a higher threshold (e.g., τp = 0.95 as we
adopt across the tasks). As for τq , we should choose a lower
value (e.g., τq ≤ 0.75) for fully utilizing the outliers with
low confidence.
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Table 4. Closed-set classification accuracy (%) of several methods
in the standard SSL setting (presented in the column of “SSL”)
compared to the performance in the OSSL setting.

Task CIFAR-50-200 CIFAR-50-1250

Setting OSSL SSL OSSL SSL

FixMatch 43.94 45.64 68.92 72.74
SimMatch 49.98 51.76 69.70 73.66

OpenMatch 37.60 39.16 66.54 67.80

IOMatch 56.14 55.94 69.84 73.28

Table 5. Closed-set classification accuracy (%) of IOMatch ex-
tended with auxiliary self-supervised learning objectives.

Dataset CIFAR100

Class split 50 / 50 80 / 20

Number of labels 4 25 4 25

IOMatch 56.14 69.84 49.89 64.28
w/ Contrastive 57.08 70.80 50.25 65.92

w/ Rotation 58.92 71.54 50.90 66.50

Decoupled Feature Spaces. Different from OpenMatch
[18], we optimize the multi-binary classifier (and the open-
set classifier) in a different feature space than the closed-
set classifier, which is implemented by a projection head.
We find experimentally that such design is important. For
instance, if we put all the three classifiers in the same feature
space (i.e., directly connected to the backbone encoder), the
performance on CIFAR-50-200 and CIFAR-50-1250
will be reduced by about 2.2% and 0.8%, respectively.

Performance on Standard SSL. We also evaluate the
proposed IOMatch in the standard SSL setting where no
outlier exists in unlabeled data. The results are presented in
Table 4. It is shown that IOMatch is also a strong method for
standard SSL, which can achieve significantly better perfor-
mance when labels are scarce. When the number of labels is
relatively more adequate, IOMatch can still achieve impres-
sive performance comparable to that of advanced methods.
Moreover, on the task CIFAR-50-200, the performance
of IOMatch in the open-set setting is even better than that
in the standard setting, which is made possible by the full
exploitation of outliers.

Extensions of IOMatch. The inherent simplicity of
IOMatch lends itself to the integration of other potent tech-
niques within the framework, thereby further enhancing
its performance. We explore the incorporation of self-
supervised learning approaches that have exhibited remark-
able effectiveness in previous methods [2, 15, 31]. Specifi-
cally, we adopt the contrastive learning objective from Sim-
Match [31] and the rotation recognition pretext task from
ReMixMatch [2]. In the following, we introduce the im-
plementation of the rotation recognition objective in the
extended IOMatch, and the details about the contrastive

learning objective can be found in the supplementary ma-
terial. For each unlabeled image ui, we rotate ui by an
angle of ∠i degrees and obtain Rotate(ui,∠i), where ∠i

is sampled uniformly from ∠i ∼ {0, 90, 180, 270}. We
add an auxiliary classifier θ(·) (implemented as a fully con-
nected layer) connected to the backbone encoder, which
predicts the rotation degree among the four options, i.e.,
a = θ(f(Rotate(ui,∠i))) ∈ R4. The rotation recognition
loss is defined as:

Lrot =
1

µB

µB∑
i=1

H(OneHot(∠i),a). (10)

The results in Table 5 demonstrate substantial performance
improvements stemming from these self-supervised add-
ons. It shows that our proposed IOMatch is high extensible
and has great potential for enhancement.

Training Efficiency. The network parameters (15.2M)
of IOMatch are only about 3% more than those (14.7M) of
FixMatch [21], which results in very little additional over-
head. Besides, IOMatch does not require memory banks
used in contrastive-based methods [15, 31], which signif-
icantly reduces the usage of GPU memory especially for
large scale datasets. Therefore, IOMatch shows high train-
ing efficiency for both time and memory costs.

Limitations and Future Work. Finally, we would like
to discuss the limitations of the current work as well as
the future directions to further improve it. In the proposed
IOMatch framework, we adopt the pre-defined fixed confi-
dence thresholds fro all classes, which could be less flexible
in more complex tasks. Inspired from recent works [25,30],
we will consider the dynamic threshold adjusting strategy
for IOMatch. Besides, this work only considers the most
common class space mismatch case, where the classes of
labeled data form a subset of those in the unlabeled data.
We will also explore other open-set scenarios, such as the
intersectional mismatch, where not all labeled classes are
present in the unlabeled data.

5. Conclusion
In this paper, we first investigate how unseen-class out-

liers affect the performance of the latest standard SSL meth-
ods and reveal why existing open-set SSL methods may fail
when labels are extremely scarce. Inspired from the sur-
prising fact that an unreliable outlier detector is more harm-
ful than outliers themselves, we propose IOMatch, which
adopts a novel unified paradigm for jointly utilizing open-
set unlabeled data, without distinguishing exactly between
inliers and outliers. Despite of its remarkable simplicity,
IOMatch significantly outperforms current state-of-the-arts
across various settings. We believe that the introduction of
such simple but effective framework will facilitate the ap-
plication of SSL methods in real-world practical scenarios.
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