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Abstract

Deep learning in general domains has constantly been
extended to domain-specific tasks requiring the recognition
of fine-grained characteristics. However, real-world appli-
cations for fine-grained tasks suffer from two challenges: a
high reliance on expert knowledge for annotation and ne-
cessity of a versatile model for various downstream tasks in
a specific domain (e.g., prediction of categories, bounding
boxes, or pixel-wise annotations). Fortunately, the recent
self-supervised learning (SSL) is a promising approach to
pretrain a model without annotations, serving as an effective
initialization for any downstream tasks. Since SSL does not
rely on the presence of annotation, in general, it utilizes the
large-scale unlabeled dataset, referred to as an open-set. In
this sense, we introduce a novel Open-Set Self-Supervised
Learning problem under the assumption that a large-scale
unlabeled open-set is available, as well as the fine-grained
target dataset, during a pretraining phase. In our problem
setup, it is crucial to consider the distribution mismatch be-
tween the open-set and target dataset. Hence, we propose
SimCore algorithm to sample a coreset, the subset of an
open-set that has a minimum distance to the target dataset in
the latent space. We demonstrate that SimCore significantly
improves representation learning performance through ex-
tensive experimental settings, including eleven fine-grained
datasets and seven open-sets in various downstream tasks.

1. Introduction

The success of deep learning in general computer vision
tasks has encouraged its widespread applications to specific
domains of industry and research [21, 46, 73], such as facial
recognition or vehicle identification. We particularly focus
on the visual recognition of fine-grained datasets, where the
goal is to differentiate between hard-to-distinguish images.
However, real-world application for fine-grained tasks poses
two challenges for practitioners and researchers developing
algorithms. First, it requires a number of experts for anno-

*equal contribution

tation, which incurs a large cost [3, 14, 60]. For example,
ordinary people do not have professional knowledge about
aircraft types or fine-grained categories of birds. Therefore,
a realistic presumption for a domain-specific fine-grained
dataset is that there may be no or very few labeled samples.
Second, fine-grained datasets are often re-purposed or used
for various tasks according to the user’s demand, which mo-
tivates development of a versatile pretrained model. One
might ask, as a target task, that bird images be classified
by species or even segmented into foreground and back-
ground. A good initialization model can handle a variety
of annotations for fine-grained datasets, such as multiple
attributes [43, 47, 74], pixel-level annotations [53, 74], or
bounding boxes [35, 47, 53].

Recently, self-supervised learning (SSL) [11,14,24,28]
has enabled learning how to represent the data even without
annotations, such that the representations serve as an effec-
tive initialization for any future downstream tasks. Since
labeling is not necessary, SSL generally utilizes an open-
set, or large-scale unlabeled dataset, which can be easily
obtained by web crawling [23, 64], for the pretraining. In
this paper, we introduce a novel Open-Set Self-Supervised
Learning (OpenSSL) problem, where we can leverage the
open-set as well as the training set of fine-grained target
dataset. Refer to Figure 1 for the overview of OpenSSL.

In the OpenSSL setup, since the open-set may contain
instances irrelevant to the fine-grained dataset, we should
consider the distribution mismatch. A large distribution
mismatch might inhibit representation learning for the target
task. For instance, in Figure 2, SSL on the open-set (OS) does
not always outperform SSL on the fine-grained dataset (X)
because it depends on the semantic similarity between X and
OS. This is in line with the previous observations [21,22,64]
that the performance of self-supervised representation on
downstream tasks is correlated with similarity of pretraining
and fine-tuning datasets.

To alleviate this mismatch issue, we could exploit a core-
set, a subset of an open-set, which shares similar semantics
with the target dataset. As a motivating experiment, we man-
ually selected the relevant classes from ImageNet (OSoracle)
that are supposed to be helpful according to each target
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Figure 1. Overview of an OpenSSL problem. For any downstream tasks, we pretrain an effective model with the fine-grained dataset
via self-supervised learning (SSL). Here, the assumption for a large-scale unlabeled open-set in the pretraining phase is well-suited for a
real-world scenario. The main goal is to find a coreset, highlighted by the blue box, among the open-set to enhance fine-grained SSL.

X OS X+OS X+OSrand X+OSoracle

Aircraft
30%

35%

40%

45%

50%

Cars
30%

40%

50%

60%

Pet
40%

50%

60%

70%

80%

Birds
20%

25%

30%

35%

40% Target (X) Classes for OSoracle (#)
Aircraft airliner, warplane, ... (8)
Cars convertible, jeep, ... (10)
Pet Persian cat, beagle, ... (24)
Birds goldfinch, junco, ... (20)

Figure 2. Linear evaluation performance on the fine-grained target dataset. Each color corresponds to a pretraining dataset, while “+” means
merging two datasets. The table on the right side shows the manually selected categories from an open-set (OS), ImageNet-1k [20] in this
case, according to each target dataset (X). Selected categories and exact numbers are detailed in Appendix A. We followed the typical linear
evaluation protocol [14, 24] and used the SimCLR method [14] on ResNet50 encoder [29].

dataset. Interestingly, in Figure 2, merging OSoracle to X
shows a significant performance gain, and its superiority
over merging the entire open-set (X+OS) or the randomly
sampled subset (X+OSrand) implies the necessity of a sam-
pling algorithm for the coreset in the OpenSSL problem.

Therefore, we propose SimCore, a simple yet effective
coreset sampling algorithm from an unlabeled open-set. Our
main goal is to find a subset semantically similar to the target
dataset. We formulate the data subset selection problem to
obtain a coreset that has a minimum distance to the target
dataset in the latent space. SimCore significantly improves
performance in extensive experimental settings (eleven fine-
grained datasets and seven open-sets), and shows consistent
gains with different architectures, SSL losses, and down-
stream tasks. Our contributions are outlined as follows:
• We first propose a realistic OpenSSL task, assuming an

unlabeled open-set available during the pretraining phase
on the fine-grained dataset.

• We propose a coreset selection algorithm, SimCore, to
leverage a subset semantically similar to the target dataset.

• Our extensive experiments with eleven fine-grained
datasets and seven open-sets substantiate the significance
of data selection in our OpenSSL problem.

2. Related Works
2.1. Self-Supervised Learning

After Oord et al. [52] proposed an InfoNCE loss, con-
trastive learning algorithms began to show remarkable im-
provements in representation learning [10, 11, 14, 16, 24, 28,
37]. While a large-scale open-set enhances the generaliza-
tion of learned representation [19, 31, 64], recent literature
has pointed out the distribution mismatch between pretrain-
ing and fine-tuning datasets [21, 23, 64]. Particularly, El et
al. [21] claimed that pretraining on ImageNet may not al-
ways be effective on the target task from different domains.
Tian et al. [64] found that pretraining with uncurated data,
a more realistic scenario, deteriorates the target task perfor-
mance. Although the motivations coincide with ours, their
proposed methods are focused on a single data scheme: a
denoising autoencoder [21] only for fine-grained dataset,
and distillation from expert models [64] or a novel architec-
ture [23] for uncurated open-sets. In contrast, we propose
an explicit sampling strategy from an open-set, which be-
comes more effective by augmenting fine-grained dataset
with well-matched samples, as well as achieving robustness
to the distribution discrepancy or curation of the open-set.
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Train TrainTask [ref.] Problem Setting (Labeled) (Unlabeled) Test Definition of OS / CS Main Goal

Novel Class Discovery
[26, 30, 81]

test data consist of
only novel classes seen - novel - cluster novel classes

in test dataset

Open-Set Recognition
[5, 12, 57, 68]

test set contains seen
and novel classes seen - seen +

novel
[OS] test dataset containing
seen and novel classes

reject instances from
novel classes at test time

Webly Sup.
[15, 39, 62]

train data contains web-
crawled noisy samples

partially
noisy - seen [OS] web-crawled train dataset

containing noisy samples
robustly train instances
with corrupted labels

Open-Set Semi-Sup.
[17, 33, 51, 56, 61]

unlabeled train data
contain novel classes seen seen +

novel seen [OS] training dataset contain-
ing seen and novel classes

train a robust model while
regularizing novel classes

Open-World Semi-Sup.
[4, 8, 9]

train and test data
contain novel classes seen seen +

novel
seen +
novel

[OS] dataset containing
seen and novel classes

discover novel classes and
assign samples at test time

Open-Set Annotation
[50]

unlabeled data pool
contains novel classes seen seen* +

novel* seen [OS] unlabeled data pool
with seen and novel classes

aim to query seen classes
from unlabeled data pool

Coreset Selection
in AL [58,72]

query instances to be
annotated seen seen* seen [CS] the most representative

subset of unlabeled set
find a small subset
competitive to whole dataset

Coreset Selection
in CL [1, 65, 78]

continuously learn
a sequence of tasks

partially
novel - seen [CS] the most representative

instances at each task
promote task adaptation with
less catastrophic forgetting

Hard Negative Mining
in Self-Sup. [55, 70]

assume that hard
negatives are helpful - target target [CS] the hardest contrastive

pair instances for SSL
improve SSL performance
using core-negative instances

Open-Set Self-Sup.
[ours]

utilize open-set in
pretraining, which may
have irrelevant data

- target +
irrelevant target

[OS] large-scale unlabeled set
[CS] subset of OS sharing the
same semantics with target set

improve SSL performance
on fine-grained datset via
coreset sampling method

Table 1. Comparisons of the OpenSSL problem with relevant literature. We focus on the problem setting and the definition of open-set (OS)
or coreset (CS) in each field. AL and CL refer to active learning and continual learning, respectively, and * indicates the instances in the
unlabeled data pool that are supposed to be annotated after the active selection.

2.2. Coreset Selection from Open-Set

In an OpenSSL problem, we denote an open-set as the
additional unlabeled pretraining set that includes instances ei-
ther from relevant or irrelevant domain to target dataset. The
assumption of available open-set is also common in other re-
search fields, such as open-set recognition [5,12,57,68], we-
bly supervised learning [15, 39, 62], open-set [17, 33, 51, 56]
or open-world [4, 8, 9] semi-supervised learning, and open-
set annotation [50], although its detailed meaning varies in
each field. We summarize the details in Table 1. Especially,
our OpenSSL task is to recognize coreset from a large-scale
open-set, without exploiting any label information. From
this perspective, recent coreset selection approaches give us a
good intuition. Existing studies find the representative subset
of the unlabeled set for active selection [58,72], or find the
subset of current task data to avoid catastrophic forgetting
for continual learning [1, 65, 78]. In the meantime, several
works on self-supervised learning have developed a novel
loss function that leverages hard negative samples, i.e., hard
negative mining [55, 70], which shares similar concepts to
our coreset. Our problem setup further requires an effective
algorithm that takes into consideration of the distribution
discrepancy in the open-set.

3. Method
3.1. OpenSSL Problem Formulation

SSL is a groundbreaking paradigm for learning inher-
ent properties of data, while discarding irrelevant signals
by discriminating perturbed samples. Recent literature has
proposed a contrastive loss function to encourage making
representations from the same image similar and representa-
tions from different images dissimilar [14, 28, 79].

Given an input data X = {xi}N
i=1, we generate two

copies of random augmented image, A(X) = {x̃i}2N
i=1,

where x̃i and x̃N+i are an augmented pair of each other.
Let Eθ be an encoder network. Then, with the augmented
pairs, we generally formulate a contrastive loss as follows:

L(X; Eθ) =
1

2|X|

∑

x̃i∈A(X)

!ssl(zi, z+
i ; {z−

i }) (1)

where zi = Eθ(x̃i), z+
i denotes the representation from

the augmented pair of x̃i, and {z−
i } is the set of features

from all the other samples. Eq. 1 forces zi to be closer
with z+

i and farther from {z−
i }. Projection heads [14] or

predictors [24] are often used in measuring the similarities
of representations. In addition, non-contrastive methods
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[10, 11, 16, 24] have also been proposed by not utilizing any
negative pair set, i.e., {z−

i } = ∅.
In the OpenSSL problem, X corresponds to the training

set of the fine-grained target dataset. Using Eq. 1, we can pre-
train an encoder without any annotation of X . Furthermore,
we have an unlabeled open-set U , which can be jointly used
with X . Rather than pretraining on a simple fusion of X and
U , we are motivated to sample a relevant subset S from the
open-set. We then pretrain the encoder with L(X ∪ S; Eθ).

3.2. Simple Coreset Sampling from Open-Set

We introduce a simple coreset sampling algorithm, coined
as SimCore. Motivated by Figure 2, selecting an appropriate
coreset is a key for the OpenSSL problem. To this end, we
build a set with the open-set samples that are the nearest
neighbors of the target samples.

This is formulated by finding a subset S that maximizes
the following objective function:

f(S) =
∑

x∈X

max
u∈S

w(x, u), where S ⊆ U , U ∩X = ∅ (2)

while w(x, u) = z#
x zu estimates similarity of two represen-

tations, and z is the normalized feature from the encoder Eθ
pretrained on X with small epochs. From Eq. 2, SimCore
finds a subset that shares the most similar semantics with the
target set. This is reminiscent of the facility location func-
tion [48, 72], ffac(S) =

∑
x∈U maxu∈S w(x, u), S ⊆ U .

However, f(S) is different from ffac(S), since target sam-
ples are the elements of X , which is disjoint with S .

Meanwhile, the direct calculation of pairwise similarities
requires the complexity of O(|X|| U|), which might be ex-
tremely large. To reduce the computational overhead and
make the algorithm scalable, we adapt k-means clustering [2]
for the target dataset X , and replace it with the centroid set
X̂ . Its associated objective function is f̂(S). Even when
exploiting only the centroids (k = 100 in practice), we show
significant performance gains on various benchmarks.

Iterative coreset sampling: f̂(S) is a monotonically in-
creasing submodular function. One remark is that if there
is no constrained budget on S, a subset achieving the max-
imum value of f̂(S) is not unique. If we denote S∗ as a
minimal set with the maximum value, S∗ is obtained when
including only the instances closest to each instance of X̂
(i.e., |S∗| ≤ |X̂|). Since we want to sample sufficiently
large subset, we re-define Eq. 2 with the selection round t:
f̂(St) where the candidate set is Ut. Thus, we iterate the
rounds to repeat sampling S∗

t and excluding them from the
candidate set, until we reach the proper budget size (see
Algorithm 1). We collect all the coreset samples into a set
I = S∗

1 ∪ S∗
2 ∪ · · · ∪ S∗

T to merge with X .

Stopping criterion: However, we have no knowledge in
practice if every sampled instance within the budget is suf-
ficiently close to the target set. This necessitates stopping

Algorithm 1: Simple coreset sampling from open-set
1 Require: Eθ: encoder pretrained on X;
2 Require: U0: initial candidate set (open-set);
3 Require: B, τ : coreset budget, threshold;
4 initialize I ← ∅, t ← 0;
5 replace X̂ ← cluster centroids of X;
6 calculate zx, zu ← Eθ(x), Eθ(u) for ∀x, u∈X̂× U0;
7 while |I| < B do
8 set S∗

t as the elements in Ut that are closest to
each element in X̂ (Eq. 2);

9 I ← I ∪ S∗
t , Ut+1 ← Ut \ S∗

t
10 t ← t + 1
11 // stopping criterion
12 if f̂(S∗

t ) < τ · f̂(S∗
1 ) then

13 stop sampling;
14 end
15 end
16 re-initialize θ and pretrain Eθ with X ∪ I;

criterion that blocks the sampling process from continuing
when the samples are no longer close to the target set. To
this end, we calculate the ratio f̂(S∗

t )/f̂(S∗
1 ) at each itera-

tion and stop the sampling process if its value is less than
the threshold. This implies that we stop at iteration t if the
sampled subset is not as similar as the first subset is to the
target set. We filtered-out by using the threshold τ = 0.95
throughout experiments.

4. Experiments
We evaluate the learned representation quality according

to each pretraining dataset. We thus demonstrate, through
various fine-grained target tasks, that SimCore samples an
effective subset that enhances pretraining. Here, we used
eleven target datasets: Aircraft [47], Cars [35], Pet [53],
Birds [74], Dogs [32], Flowers [49], Action [77], Indoor [54],
Textures [18], Faces [36], and Food [59]. For the open-set,
we mainly used ImageNet-1k [20], while we extended to
other open-sets in Section 4.2. By default, we used Sim-
CLR [14] with ResNet50 architecture as the encoder. The
detailed experimental setups and dataset configurations are
in Appendix B.

4.1. Performance Evaluation on Target Tasks

Linear evaluation: Conventional SSL literature evaluates
linear probing performance with frozen pretrained encoder
to measure the representation quality [14, 24]. Table 2 sum-
marizes the linear evaluation results on eleven fine-grained
datasets. We note two observations from this experiment.
First, we evaluated if the coreset sampled by SimCore is
qualitative as pretraining data. To this end, we set the budget
size to p = 1% or p = 5% (i.e., sampling p-ratio of the open-
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Target dataset (X) and its number of samples

Aircraft Cars Pet Birds Dogs Flowers Action Indoor Textures Faces Food
pretrain p 6,667 8,144 3,680 5,990 12,000 2,040 4,000 5,360 3,760 4,263 13,296

X - 46.56 55.42 59.23 29.27 49.88 80.14 43.76 54.10 58.78 56.63 87.99
OS - 41.50 41.86 67.66 33.21 49.94 85.67 60.65 64.46 67.23 52.84 86.14
X+OS - 39.88 42.92 68.22 32.88 50.42 85.34 60.61 63.66 67.98 52.76 85.90
X+OSrand 1% 48.24 49.26 64.27 31.90 49.62 83.17 47.25 55.37 61.33 57.37 88.08
X+OSSimCore† 1% 48.06 58.56 74.82 33.37 57.42 82.12 51.37 57.84 61.76 56.95 90.35
X+OSSimCore 1% 48.45 59.00 77.13 36.56 59.83 86.70 52.98 59.18 63.40 58.85 89.78
X+OSrand 5% 45.75 46.03 68.38 33.63 50.24 84.52 57.27 60.71 65.80 56.05 87.75
X+OSSimCore† 5% 45.57 50.75 80.20 35.56 64.62 85.11 64.53 68.13 66.22 58.93 89.87
X+OSSimCore 5% 47.14 52.22 81.75 39.21 66.82 87.28 66.38 70.96 68.13 59.34 90.74
Stopping Criterion 1.03% 0.95% 14.4% 13.7% 9.72% 7.96% 15.6% 13.5% 5.89% 0.27% 3.86%
X+OSSimCore - 48.27 60.29 79.66 37.65 66.48 87.04 67.46 71.95 67.66 59.01 91.31

Table 2. Linear evaluation performance on eleven fine-grained datasets. We used ImageNet-1k [20] as an open-set. The ratio p is a fixed
budget size to sample from the open-set, either via random sampling (OSrand) or SimCore (OSSimCore). Given that OS has 1.3M samples,
p = 1% corresponds to 13K samples. † denotes SimCore with k = 1, a single cluster. Bold and underline indicate the best and the second
best accuracy for each target dataset, respectively.

method architecture pretrain Aircraft Cars Pet Birds

SimCLR EfficientNet X 25.5 37.0 58.1 27.8
SimCLR EfficientNet OS 31.6 29.5 57.8 26.5
SimCLR EfficientNet SimCore 41.7 52.8 69.5 29.6

SimCLR ResNet18 X 43.4 51.9 58.2 25.9
SimCLR ResNet18 OS 33.9 33.1 62.5 27.7
SimCLR ResNet18 SimCore 44.5 55.1 72.7 31.3

SimCLR ResNeXt50 X 45.9 56.5 63.4 28.6
SimCLR ResNeXt50 OS 39.2 39.4 68.2 32.6
SimCLR ResNeXt50 SimCore 49.5 59.5 81.0 37.4

SimCLR ResNet101 X 49.4 54.5 64.0 29.1
SimCLR ResNet101 OS 40.4 41.9 69.5 34.2
SimCLR ResNet101 SimCore 50.9 58.8 83.0 39.1

Table 3. Linear evaluation performance with different architectures.
SimCore corresponds to X+OSSimCore with a stopping criterion.

set) and compared them with p% random sampling strategy.
In every case, SimCore outperformed the random sampling.
This demonstrates that exploiting the coreset is actually cru-
cial compared to naïvely using random samples. Second,
using a number of cluster centroids of the target dataset is
more advantageous than a single cluster, although SimCore
with k = 1 also outperformed the random sampling.

Interestingly, the different trend across target datasets
gives us a hint about the optimal coreset size based on the
level of distribution mismatch to the open-set. For example,
in datasets like Pet and Birds, OS pretraining was pretty
effective, and in those datasets, SimCore took advantage of
the large budget size. This implies that several target datasets
require more coreset samples than do others. However, in
practice, we cannot pre-define the optimal budget size, since
we do not have much knowledge about an uncurated open-
set. Therefore, we should handle SimCore with a stopping
criterion, as we already have proposed in Section 3.2.

method architecture pretrain Aircraft Cars Pet Birds

BYOL ResNet50 X 40.6 49.4 56.5 27.6
BYOL ResNet50 OS 46.1 49.6 78.4 44.7
BYOL ResNet50 SimCore 46.5 50.4 85.1 47.9

SwAV ResNet50 X 34.5 42.4 49.4 21.6
SwAV ResNet50 OS 33.8 30.0 64.2 27.3
SwAV ResNet50 SimCore 45.0 45.1 80.2 36.6

DINO ViT-Ti/16 X 27.3 48.2 42.4 28.5
DINO ViT-Ti/16 OS 42.0 39.1 78.4 61.2
DINO ViT-Ti/16 SimCore 43.2 47.2 83.3 72.6

MAE ViT-B/16 X 55.9 44.7 56.3 32.2
MAE ViT-B/16 OS 39.8 37.3 68.3 31.4
MAE ViT-B/16 SimCore 48.1 52.4 77.8 42.1

Table 4. Linear evaluation performance with different SSL methods.
SimCore corresponds to X+OSSimCore with a stopping criterion.

Surprisingly, SimCore with a stopping criterion highly im-
proves the accuracy by +10.5% (averaged over 11 datasets),
compared to the X pretraining. This is much larger gain
compared to the large-scale OS pretraining (+2.7%) and 1%
random sampling (+1.3%). This is because SimCore adap-
tively samples a proper amount of coreset, and this amount
differs by each target dataset. For Aircraft and Cars, Sim-
Core sampled around 1% of ImageNet. This is a reasonable
number, because in the ImageNet dataset [20], there are ac-
tually 4 aircraft-related and 10 cars-related classes (refer to
Appendix A), out of 1,000 classes in total.
Different encoder architectures and SSL methods: In
Table 3, we have applied SimCore to different architectures:
EfficientNet-B0 [63], ResNet18 [29], ResNeXt50 [76], and
ResNet101 [29]. Regardless of whether the encoder archi-
tecture is much smaller or larger, SimCore greatly improves
pretraining on the target dataset. Moreover, we have exper-
imented with various SSL methods, such as BYOL [24],
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Figure 3. SimCore performances compared to the X pretraining
(w/o OS). In addition to ImageNet-1k, we included MS COCO,
iNaturalist 2021-mini, and Places365 as an open-set. For target
datasets, we used Pet and Birds for natural image datasets and
Action and Indoor for unnatural image datasets.

!"#$%&''()" *+,- ./#%$#01(& 234 5"6"#"/4 7("81%,(81

!"#$%&'(#$#
)*+,'%-'#%

.$($#'
/+0+&"*"%

1'2+
3+&4(+56"*+

7(&+*"%
8+9*'("

:"&4$56"%
3'55'"

7'#+#&6';
)+2"*"+("%

Figure 4. Selected samples of Places365 coreset (top) for Pet (left)
and Birds (right) and iNaturalist coreset (bottom) for Action (left)
and Indoor (right). Captions are the actual labels in each open-set.

SwAV [10], DINO [11], and MAE [27], in Table 4. SimCore
consistently demonstrates the effect of merging the coreset
samples, even with the recent autoencoder-based SSL.

4.2. SimCore on Various Open-Sets

Thus far, we have used ImageNet-1k benchmark [20] as
the open-set, which is a well-curated dataset covering general
domains [23, 64]. Drawing a coreset from ImageNet has
shown large performance gains in the target tasks. However,
in practice, an open-set is far from what we know about;
it is rather a grouping of data arbitrarily drawn from the
web or database. Here, we show that our SimCore with any
open-set robustly improves pretraining because it finds a
well-matched coreset. We experimented with three other
open-sets: MS COCO [42], iNaturalist 2021-mini [67], and
Places365 [82].

Figure 3 shows that SimCore consistently outperforms the
pretraining without OS, while the performance of SimCore
depends on the open-set. In unnatural fine-grained datasets

OS Aircraft Cars Birds Pet Action Indoor

! 46.6 55.4 29.3 59.2 43.8 54.1
ImageNet-1k 48.3 60.3 37.7 79.7 67.5 72.0

ALL 58.8 64.8 38.0 79.5 67.2 75.1
WebVision 48.2 59.1 36.7 80.3 67.1 72.6
WebFG-496 55.4 63.1 37.7 - - -

Table 5. Linear evaluation of SimCore with uncurated open-sets.

(a) Aircraft (b) Cars

(c) Pet (d) Birds

Figure 5. Feature distribution map of OS (left), X (middle), and the
coreset sampled by SimCore (right).

like Action and Indoor, using iNaturalist is not as effective as
ImageNet, but it offers a good coreset for Birds. As expected,
for Indoor, Places365 offers the best coreset among every
open-sets because it contains a lot of scenery semantics.

Nevertheless, we have observed the unexpected gains,
such as Places365 open-set for Pet target dataset. Figure 4
illustrates a few selected samples of those coresets. It is
interesting to see that SimCore has found the animal images,
although the actual labels correspond to the locations. Also,
the iNaturalist coreset contains natural creatures that are held
by humans or located in indoor. This might help in Action
target, part of which are humans taking photos, fishing, or
gardening, as well as in Indoor scenery target.

Uncurated open-sets: To demonstrate the effect of Sim-
Core in the more realistic scenario, we have tested SimCore
with uncurated open-sets. First, we used a combined dataset
of all four pre-mentioned open-sets (ALL), to simulate the
more large-scaled and heterogeneous open-set case. In addi-
tion, we further used web-crawled image dataset queried by
ImageNet classes (WebVision [40]), and the images queried
by Aircraft+Cars+Birds classes (WebFG-496 [62]). Inter-
estingly, in the case of WebFG-496 that includes noisy in-
stances, SimCore sampled slightly less of the actual crawled
set for each target. For example, while WebFG-496 contains
13,508 number of queried instances for Aircraft, SimCore
sampled a coreset of 8,089 instances. Table 5 demonstrates
that these uncurated open-sets are comparable to the curated
ones and significantly outperform the pretraining without
open-sets. Indeed, SimCore could sample a useful coreset
regardless of how uncurated an open-set is.

4.3. Qualitative Evaluation

Feature distribution analysis: To analyze how the Sim-
Core algorithm samples the coreset in the latent space, we
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Figure 6. Visualization of the sampled coreset by SimCore method. We plotted histograms for the top-20 classes with the largest number of
samples and visualized one example image per top-12 classes. We highlighted with orange the coreset classes that look dissimilar to the
target data. k is the number of centroids in k-means clustering to reduce the complexity of SimCore. The x-axis and y-axis of histograms
denote the class index and the number of samples, respectively.

visualized the feature distribution on a unit ring by Gaussian
kernel density estimation in R2 [71] (implementation de-
tails in Appendix D). The results in Figure 5 are interesting,
as SimCore actually samples the instances that are closely
embedded to the target data. In addition, through a compar-
ison of the occupied areas of OS and X , we confirmed the
distribution similarity of the open-set to each target dataset,
indicating the sampling ratios by SimCore in Table 2 are
reasonable.

Coreset visualization: We visualized which instances
from the open-set are actually sampled by our SimCore algo-
rithm. To this end, we displayed in Figure 6 the ground-truth
labels of the coreset samples when the target dataset is Pet
or Birds. For comparison, we also displayed the coreset by
SimCore with k = 1, using a single centroid. We used the
open-set as ImageNet, so the ground-truth labels of coreset
samples correspond to the ImageNet classes. Note that Pet
contains 12 cat breeds and 25 dog breeds [53], and Birds
contains 200 bird species [74].

For the Pet dataset (Figure 6a), SimCore with k = 1
sampled mostly animal images, but included data somewhat
irrelevant to cats and dogs. The second most class is giant
panda, the third is koala, and the eighth is guenon, a kind of
monkey. On the contrary, SimCore with k = 100 sampled
mostly cat or dog images, with up to top-20 classes, each
being a breed of either cat or dog. Interestingly, eight out of
the top-10 classes were those that overlap with the Pet class
labels, such as Persian cat, Saint Bernard, etc.

For the Birds dataset (Figure 6b), SimCore with k = 1

framework: Open-Set Semi-Sup. framework: Webly Sup.
pretrain method Aircraft Cars Birds method Aircraft Cars Birds
SimCore FT (50%) 73.5 80.1 57.4 FT (100%) 84.3 89.3 70.6
! SelfTrain 51.9 55.5 35.7 CoTeach 79.3 51.7 70.4
SimCore SelfTrain 78.1 81.3 59.1 CoTeach 89.8 57.0 78.9
! OpenMatch 70.1 70.2 52.3 DivideMix 82.2 54.4 74.5
SimCore OpenMatch 83.5 89.5 66.4 DivideMix 86.5 56.5 80.0

Table 6. Comparisons with Self-Training [61] and OpenMatch [56]
in the OpenSemi framework, and Co-teaching [25] and DivideMix
[38] in the WeblySup framework.

sampled a lot of irrelevant images, such as French horn,
trombone, bullet train, admiral, hard disc, maillot, etc. On
the contrary, SimCore with k = 100 sampled only the bird
species up to the top-20 classes, including bulbul, chickadee,
brambling, bee eater, house finch, goldfinch, etc.

4.4. Comparisons with Open-Set Semi-Supervised
and Webly Supervised Learning

Prior literature has similarly utilized unlabeled or noisy-
labeled open-sets, such as open-set semi-supervised learning
(OpenSemi) [56, 61] and webly supervised learning (Webly-
Sup) [15, 62]. OpenSemi and WeblySup work with prede-
fined labels and co-train with the entire huge-scale open-set.
Our OpenSSL, on the other hand, is a valuable problem itself
in that a model can be pretrained without any label infor-
mation and with efficient subset sampling. We thus design
an experiment under each framework, setting (X / OS) as
the following example: (Birds50% / Birds50%+WebFG) and
(Birds100% / WebFGBirds), respectively.



Aircraft Cars Pet Birds

pretrain 20 200 20 200 20 200 20 200

X 36.1 36.7 33.1 34.3 52.0 51.8 20.7 21.8
OS 19.3 17.7 11.4 10.9 50.4 49.0 13.9 15.1
SimCore 40.7 41.4 33.8 34.6 61.4 61.4 18.3 19.2

(a) kNN classification

Aircraft Cars Pet Birds

pretrain 10% 20% 50% 10% 20% 50% 10% 20% 50% 10% 20% 50%

X 29.0 47.6 64.6 25.1 53.5 80.2 47.2 58.7 71.4 13.3 25.2 51.2
OS 19.6 34.1 43.9 10.8 35.7 74.1 35.7 62.3 76.9 10.1 21.0 51.2
SimCore 33.9 51.3 65.6 25.4 55.3 81.6 50.9 70.4 79.7 11.9 25.5 55.7

(b) Semi-supervised learning

Aircraft Cars Pet Birds

pretrain mAP mAP50 mAP mAP50 IoUfg IoUbg IoUfg IoUbg

X 10.8 12.7 34.7 40.0 79.1 82.0 65.3 92.6
OS 23.7 27.0 20.8 23.6 79.8 82.8 67.9 93.3
SimCore 29.6 36.8 37.6 43.2 80.0 83.1 68.4 93.4

(c) Object detection and pixel-wise segmentation

Aircraft Cars Faces

pretrain mfr. family brand type pointy oval young smiling

X 21.1 40.4 67.3 78.0 66.8 83.4 93.1 93.4
OS 17.9 35.2 49.3 61.3 64.9 81.9 92.9 86.3
SimCore 21.9 41.9 70.7 80.1 67.5 83.9 93.6 93.7

(d) Multi-attribute classification

Table 7. Various downstream task performances. For the kNN classifier, we experimented with 20-nearest and 200-nearest neighbors to
classify the query images. In the semi-supervised learning setup, we used the label ratio of 10%, 20%, and 50%. mAP is evaluated in the
object detection, and IoU of foreground and background are evaluated in the semantic segmentation. In the multi-attribute classification,
mfr., pointy, and oval denote manufacturer, pointy nose, and oval face, respectively.

Table 6 summarizes the comparisons with the representa-
tive methods of each learning framework. We observed two
findings from Table 6. (1) When the SimCore model, using
WebFG-496 as an open-set, is simply fine-tuned on each
target, it outperforms OpenSemi and WeblySup methods.
(2) SimCore can synergize with both frameworks, serving as
an effective initialization. These results are in line with Su
et al. [61], where Self-Training with SSL pretrained model
was most preferred.

4.5. Different Downstream Tasks

kNN classifier: We have shown the linear evaluation per-
formance on each fine-grained dataset to evaluate the quality
of learned representation. Here, we evaluate on another
downstream task, nearest neighbor (NN) classification. The
NN classification is a nonparametric way to classify test im-
ages, making the prediction via weighted voting of nearest
neighbors [10, 75]. Table 7a summarizes the 20 NN and 200
NN classifier results, presenting that SimCore shows the best
accuracy, except for Birds where every accuracy was low.
Semi-supervised learning: In addition, when part of the
datasets becomes labeled by expert annotators, we can use
those labels to further fine-tune the entire network. Here, we
followed the semi-supervised learning protocol in [14,24],
where the randomly selected samples are annotated and used
in the fine-tuning. In Table 7b, we show the results with three
label ratios, each trained with 100 epochs. SimCore again
showed the best results overall, by particularly large mar-
gins in Aircraft and Pet datasets. For other semi-supervised
learning algorithms, refer to Appendix F.3.
Object detection and pixel-wise segmentation: For
object detection, we used RetinaNet detector [41] with
ResNet50 encoder and trained for 100 epochs. The metric
is mAP evaluated as in [42], averaging over 10 IoU thresh-
olds from 0.5 to 0.95 with a step size 0.05. mAP50 is the

mAP when IoU threshold is 0.5. For pixel-wise segmenta-
tion, we used DeepLabV3+ segmentation model [13] and
trained for 30 epochs. In Table 7c, our SimCore-pretrained
encoder could more effectively identify the vehicle objects
and segregate the foreground part of pet and bird images.

Multi-attribute classification: Fine-grained images are
often distinguished by multiple attributes. For example,
one might ask if the aircraft images could be classified by
manufacturers (e.g., Boeing), families (e.g., Boeing 737), or
variants (e.g., Boeing 737-700). The Cars dataset can also
be identified by brands (e.g., Audi) or types (e.g., Coupe), in
addition to the models (e.g., Audi TTS Coupe 2012) we used
in linear evaluation. To this end, we evaluated our pretrained
models on multi-attribute classification tasks of three fine-
grained datasets, and SimCore excelled the baselines in every
task (see Table 7d).

5. Conclusion

In this work, we present a novel OpenSSL problem, where
a large-scale open-set can be utilized in self-supervised learn-
ing on a fine-grained target dataset. Thereafter, we propose
SimCore algorithm, which samples the effective coreset from
an open-set with semantics similar to the target dataset. We
demonstrate that the coreset samples enhance representa-
tion learning for any fine-grained downstream tasks. We
believe that our approach will stimulate more investigation
into fine-grained SSL with the open-set in the future.
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