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Abstract

A common classification task situation is where one has

a large amount of data available for training, but only a

small portion is annotated with class labels. The goal of

semi-supervised training, in this context, is to improve clas-

sification accuracy by leverage information not only from

labeled data but also from a large amount of unlabeled data.

Recent works [2, 1, 26] have developed significant improve-

ments by exploring the consistency constrain between dif-

ferently augmented labeled and unlabeled data. Following

this path, we propose a novel unsupervised objective that

focuses on the less studied relationship between the high

confidence unlabeled data that are similar to each other.

The new proposed Pair Loss minimizes the statistical dis-

tance between high confidence pseudo labels with similar-

ity above a certain threshold. Combining the Pair Loss with

the techniques developed by the MixMatch family [2, 1, 26],

our proposed SimPLE algorithm shows significant perfor-

mance gains over previous algorithms on CIFAR-100 and

Mini-ImageNet [31], and is on par with the state-of-the-art

methods on CIFAR-10 and SVHN. Furthermore, SimPLE

also outperforms the state-of-the-art methods in the transfer

learning setting, where models are initialized by the weights

pre-trained on ImageNet[15] or DomainNet-Real[23]. The

code is available at github.com/zijian-hu/SimPLE.

1. Introduction

Deep learning has recently achieved state-of-the-art per-

formance on many computer vision tasks. One major factor

in the success of deep learning is the large labeled datasets.

However, labeling large datasets is very expensive and of-

ten not feasible, especially in domains that require exper-

tise to provide labels. Semi-Supervised Learning (SSL), on

the other hand, can take advantage of partially labeled data,

which is much more readily available, as shown in figure 1.

A critical problem in semi-supervised learning is how to

generalize the information learned from limited label data

∗Equal contributions; names ordered alphabetically.
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Figure 1: Illustration of an image set with a limited amount

of labeled images among a large number of unlabeled im-

ages. Unlike unsupervised learning methods that only ex-

ploit the structure from unlabeled data, and supervised

learning methods that only look at the limited amount of

labeled data, semi-supervised learning utilizes information

from both labeled and unlabeled data.

to unlabeled data. Following the continuity assumption that

close data have a higher probability of sharing the same la-

bel [4], many approaches have been developed [27, 37, 8],

including the recently proposed Label Propagation [14].

Another critical problem in semi-supervised learning is

how to directly learn from the large amount of unlabeled

data. Maintaining consistency between differently aug-

mented unlabeled data has been recently studied and proved

to be an effective way to learn from unlabeled data in both

self-supervised learning [5, 11] and semi-supervised learn-

ing [16, 25, 2, 1, 26, 22, 28, 36, 32]. Other than consistency

regularization, a few other techniques have also been devel-

oped for the semi-supervised learning to leverage the unla-

beled data, such as entropy minimization [21, 17, 10] and

generic regularization [13, 19, 35, 34, 30].

The recently proposed MixMatch[2] combined the above

techniques and designed a unified loss function to let the

model learn from differently augmented labeled and unla-

beled data, together with the mix-up [35] technique, which

encourages convex behavior between samples to increase

models’ generalization ability. ReMixMatch [1] further im-

proves the MixMatch by introducing the Distribution Align-

ment and Augmentation Anchoring techniques, which al-
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Figure 2: An overview of the proposed SimPLE algorithm. SimPLE optimizes the classification network with three training

objectives: 1) supervised loss LX for augmented labeled data; 2) unsupervised loss LU that aligns the strongly augmented

unlabeled data with pseudo labels generated from weakly augmented data; 3) Pair Loss LP that minimizes the statistical

distance between predictions of strongly augmented data, based on the similarity and confidence of their pseudo labels.

lows the model to accommodate and leverage from the

heavily augmented samples. FixMatch [26] simplifies its

previous works by introducing a confidence threshold into

its unsupervised objective function and achieves state-of-

the-art performance over the standard benchmarks.

However, while Label Propagation [14] mainly focuses

on the relationship between labeled data to unlabeled data,

and the MixMatch family [2, 1, 26] primarily focuses on the

relationship between differently augmented unlabeled sam-

ples, the relationship between different unlabeled samples

is less studied.

In this paper, we propose to take advantage of the rela-

tionship between different unlabeled samples. We introduce

a novel Pair Loss, which minimizes the distance between

similar unlabeled samples of high confidence.

Combining the techniques developed by the MixMatch

family [2, 1, 26], we propose the SimPLE algorithm. As

shown in figure 2, the SimPLE algorithm generates pseudo

labels of unlabeled samples by averaging and sharpening

the predictions on multiple weakly augmented variations of

the same sample. Then, we use both the labels and pseudo

labels to compute the supervised cross-entropy loss and un-

supervised L2 distance loss. These two terms push the de-

cision boundaries to go through low-density areas and en-

courage consistency among different variations of the same

samples. Finally, with the newly proposed Pair Loss, we

harness the relationships among the pseudo labels of dif-

ferent samples by encouraging consistency among different

unlabeled samples which share a great similarity.

Our contribution can be described in four folds:

• We propose a novel unsupervised loss term that lever-

ages the information from high confidence similar un-

labeled data pairs.

• Combining the techniques from MixMatch family [2,

1, 26] with the new Pair Loss, we developed the novel

SimPLE algorithm for semi-supervised learning.

• We performed extensive experiments on the standard

benchmarks and demonstrated the effectiveness of the

proposed Pair Loss. SimPLE outperforms the state-of-

the-art methods on CIFAR100 and Mini-ImageNet and

on par with the state-of-the-art methods on CIFAR10,

SVHN.

• We also evaluated our algorithm in a realistic setting

where SSL methods are applied on pre-trained mod-

els, where the new proposed SimPLE algorithm also

outperforms the current state-of-the-art methods.

2. Related Work

2.1. Consistency Regularization

Consistency regularization is widely used in the field of

SSL. It refers to the idea that a model’s response to an input

should remain consistent, when perturbations are used on

the input or the model. The idea is first proposed in [16, 25].

In its simplest form, the regularization can be achieved via

the loss term:

‖pmodel(y|A(x); θ)− pmodel′(y|A(x); θ)‖22 (1)

The stochastic transformation A(x) can be either domain-

specific data augmentation [2, 16, 25, 1], drop out [25], ran-

dom max pooling[25], or adversarial transformation [22].

A further extension of this idea is to “perturb” the model,
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pmodel′ , instead of the input. The perturbation can be a time

ensembling of model at different time step [16, 28], or an

adversarial perturbation on model’s parameter θ [36]. Also,

many works choose to minimize cross entropy instead of

the L2 norm [22, 32, 1, 26].

2.1.1 Augmentation Anchoring

Augmentation Anchoring is first proposed by ReMixMatch

[1] and further developed in FixMatch [26]. It is a form of

consistency regularization that involves applying different

levels of perturbations to the input. A model’s response to a

slightly perturbed input is regarded as the “anchor”, and we

try to align model’s response to a severely perturbed input

to the anchor. For example, we can slightly perturb the in-

put by applying an “easy” augmentation such as horizontal

flipping and severely perturb the input by applying a “hard”

augmentation such as Gaussian blurring. As the model’s

response to a slightly perturbed input is less unstable, in-

cluding Augmentation Anchoring increases the stability of

the regularization process.

2.2. Pseudolabeling

Pseudo labels are artificial labels generated by the model

itself and are used to further train the model. Lee [17] picks

the class with the highest predicted probability by the model

as the pseudo label. However, pseudo labels are only used

during the fine-tuning phase of the model, which has been

pre-trained. When we minimize the entropy on pseudo la-

bels, we encouraged decision boundaries among clusters of

unlabeled samples to be in the low-density region, which

is requested by low-density separation assumption [4]. In

this paper, for simplicity, we use a single lower case let-

ter, p ∼ ∆N (the N -probability simplex), to represent ei-

ther a hard label (a one-hot vector) or a soft label (a vec-

tor of probabilities). A simple yet powerful extension of

pseudo-labeling is to filter pseudo labels based on a con-

fidence threshold [9, 26]. We define the confidence of a

pseudo label as the highest probability of it being any class

(i.e., maxi(pi)). For simplicity, from now on, we will use

max(p) as a shorthand notation for the confidence of any la-

bel p. With a predefined confidence threshold τc, we reject

all pseudo labels whose confidence is below the threshold

(i.e., max(p) < τc). The confidence threshold allows us to

focus on labels with high confidence (low entropy) that are

away from the decision boundaries.

2.3. Label Propagation

Label propagation is a graph-based idea that tries to build

a graph whose nodes are the labeled and unlabeled sam-

ples, and edges are weighted by the similarity between those

samples [4]. Although it is traditionally considered as a

transductive method [27, 37], recently, it has been used in

an inductive setting as a way to give pseudo labels. In [14],

the authors measure the similarity between feature repre-

sentations of labeled and unlabeled samples embedded by a

CNN. Then, each sample is connected with the K neighbors

with the highest similarity to construct the affinity graph.

After pre-training the model in a supervised fashion, they

train the model and propagate the graph alternatively. The

idea of using K nearest neighbors to build a graph effi-

ciently is proposed in [8], as most edges in the graph should

have a weight close to 0. Our similarity threshold, τc, takes

a similar role.

3. Method

To take full advantage of the vast quantity of unlabeled

samples in SSL problems, we propose the SimPLE algo-

rithm that focuses on the relationship between unlabeled

samples. In the following section, we first describe the

semi-supervised image classification problem. Then, we

develop the major components of our methods and incor-

porate everything into our proposed SimPLE algorithm.

3.1. Problem Description

We define the semi-supervised image classification prob-

lem as following. In a L-class classification setting, let

X = ((xb, yb) ; b ∈ (1, . . . , B)) be a batch of labeled data,

and U = (ub; b ∈ (1, . . . , B)) be a batch of unlabeled data.

Let pmodel (ỹ | x; θ) denote the model’s predicted softmax

class probability of input x parameterized by weight θ.

3.2. Augmentation Strategy

Our algorithm uses Augmentation Anchoring [1, 26], in

which pseudo labels come from weakly augmented sam-

ples act as “anchor”, and we align the strongly augmented

samples to the “anchor”. Our weak augmentation, follows

that of MixMatch[2], ReMixMatch [1], and FixMatch [26],

contains a random cropping followed by a random horizon-

tal flip. We use RandAugment [6] or a fixed augmentation

strategy that contains difficult transformations such as ran-

dom affine and color jitter as strong augmentation. For ev-

ery batch, RandAugment randomly selects a fixed number

of augmentations from a predefined pool; the intensity of

each transformation is determined by a magnitude param-

eter. In our experiments, we find that method can adapt to

high-intensity augmentation very quickly. Thus, we simply

fix the magnitude to the highest value possible.

3.3. Pseudolabeling

Our pseudo labeling is based on the label guessing tech-

nique used in [2]. We first take the average of the model’s

predictions of several weakly augmented versions of the

same unlabeled sample as its pseudo label. As the predic-

tion is averaged from K slight perturbations of the same
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Algorithm 1 SimPLE algorithm

1: Input: Batch of labeled examples and their one-hot labels X = ((xb, yb) ; b ∈ (1, . . . , B)), batch of unlabeled examples

U = (ub; b ∈ (1, . . . , B)), sharpening temperature T , number of weak augmentations K, number of strong augmenta-

tions Kstrong, confidence threshold τc, similarity threshold τs.

2: for b = 1 to B do

3: x̃b = Aweak (xb) ⊲ Apply weak data augmentation to xb

4: for k = 1 to K do

5: ũb,k = Aweak (ub) ⊲ Apply kth round of weak data augmentation to ub

6: end for

7: for k = 1 to Kstrong do

8: ûb,k = Astrong (ub) ⊲ Apply kth round of strong augmentation to ub

9: end for

10: q̄b =
1
K

∑K

k=1 pmodel′ (ỹ | ũb,k; θ) ⊲ Compute average predictions across all weakly augmented ub using EMA

11: qb = Sharpen(q̄b, T ) ⊲ Apply temperature sharpening to the average prediction

12: end for

13: X̂ = ((x̃b, yb) ; b ∈ (1, . . . , B)) ⊲ Weakly augmented labeled examples and their labels

14: Û = ((ûb,k, qb) ; b ∈ (1, . . . , B) , k ∈ (1, . . . ,Kstrong)) ⊲ Strongly augmented unlabeled examples, guessed labels

15: LX = 1
|X ′|

∑

x,y∈X̂ H (y, pmodel (ỹ | x; θ)) ⊲ Compute supervised loss

16: LU = 1

L|Û|
∑

u,q∈Û ✶(max(q)>τc) ‖q − pmodel (ỹ | u; θ)‖22 ⊲ Compute thresholded unsupervised loss

17: LP = PairLoss
(

Û , τc, τs
)

⊲ Compute Pair Loss

18: return LX + λULU + λPLP ⊲ Compute loss L from X̂ and Û

input instead of K severe perturbation [2] or a single per-

turbation [1, 26], the guessed pseudo label should be more

stable. Then, we use the sharpening operation defined in [2]

to increase the temperature of the label’s distribution:

Sharpen(p, T ) :=
p

1

T

1⊤p
1

T

(2)

As the peak of the pseudo label’s distribution is “sharp-

ened”, the network will push this sample further away from

the decision boundary. Additionally, following the practice

of MixMatch [2], we use the exponential moving average

of the model at each time step to guess the labels.

3.4. Loss

Our loss consists of three terms: the supervised loss LX ,

the unsupervised loss LU , and the Pair Loss LP .

L = LX + λULU + λPLP (3)

LX =
1

|X ′|
∑

x,y∈X̂

H (y, pmodel (ỹ | x; θ)) (4)

LU =

∑

u,q∈Û ✶(max(q)>τc) ‖q − pmodel (ỹ | u; θ)‖22
L
∣

∣

∣
Û
∣

∣

∣

(5)

LX calculates the cross-entropy of weakly augmented la-

beled samples; LU represents the L2 distance between

strongly augmented samples and their pseudo labels, fil-

tered by confidence threshold. Notice that LU only enforces

consistency among different perturbations of the same sam-

ples but not consistency among different samples.

3.4.1 Pair Loss

As we aim to exploit the relationship among unlabeled sam-

ples, we hereby introduce a novel loss term, Pair Loss, that

allows information to propagate implicitly between differ-

ent unlabeled samples. In Pair Loss, we use a high con-

fidence pseudo label of an unlabeled point, p, as an “an-

chor.” All unlabeled samples whose pseudo labels are sim-

ilar enough to p need to align their predictions under severe

perturbation to the “anchor.” Figure 3 offers an overview

of this selection process. During this process, the similarity

threshold “extended” our confidence threshold in an adap-

tive manner, as a sample whose pseudo label confidence is

below the threshold can still be selected by the loss and be

pushed to a higher confidence level. Formally, we defined

the Pair Loss as following:

LP =
1

(

K′B

2

)

∑

i,j∈[|U ′|],i 6=j

(vl,ql)=U ′

i

(vr,qr)=U ′

j

ϕτc (max (ql))

· ϕτs (fsim (ql, qr))

· fdist (ql, pmodel (ỹ | vr; θ))

(6)

Here, τc and τs denote the confidence threshold and sim-

ilarity threshold respectively. ϕt(x) = ✶(x>t)x is a hard
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Figure 3: Pair Loss Overview. Given a pseudo label ql (red)

which is a probability vector representing the guessed class

distribution, if the highest entry in ql surpasses the confi-

dence threshold τc, ql will become an “anchor”. Then, for

any pseudo label and image tuple qr (light blue) and vr
(dark blue), if the overlapping proportion (i.e. similarity)

between ql and qr is greater than the confidence threshold

τs, this tuple (qr, vr) will contribute toward the Pair Loss by

pushing model’s prediction of a strongly augmented version

of vr to the “anchor” ql (green arrow). During this process,

if either threshold can not be satisfied, ql, qr, vr will be re-

jected.

threshold function controlled by threshold t. fsim (p, q)
measures the similarity between two probability vectors p, q

by Bhattacharyya coefficient [3]. The coefficient is bounded

between [0, 1], and represents the size of the overlapping

portion of the two discrete distributions:

fsim (p, q) =
√
p
⊤√

q (7)

fdist (p, q) measures the distance between two probability

vectors p, q. As fsim (p, q) ∈ [0, 1], we choose the distance

function to be fdist (p, q) = 1− fsim (p, q).

Although based on analysis, we found that

cos(cos−1(
√
τc) + cos−1(τs))

2 is the infimal confi-

dence a label need to have for it to be selected by both

thresholds, such low confidence label are rarely selected in

practice. Based on empirical evidence, we believe this is

caused by the fact a label p that can pass through the high

confidence threshold typically has a near one-hot distri-

bution. Thus, for another label q to fall in the similarity

threshold of q, it must also have relatively high confidence.

Due to this property, the Pair Loss is not very sensitive to

the choices of hyperparameters τs, τc, which we will show

empirically in section 4.3.2.

3.4.2 Motivation for Different Loss Formulations

We follow MixMatch [2] in choosing supervised loss LX

and unsupervised loss LU terms. We use the Bhattacharyya

coefficient [3] in our Pair Loss because it measures the over-

lap between two distributions and allows a more intuitive

selection of the similarity threshold τs. Although we believe

that the Bhattacharyya coefficient [3] is more suitable than

L2 distance (or 2 − L2) to measure the similarity between

two distributions, we keep the L2 distance in unsupervised

loss term to provide a better comparison with MixMatch

[2]. Moreover, as cross-entropy measures the entropy and is

asymmetric, it is not a good distance measurement between

distributions. In our experiments, we observe that SimPLE

with L2 Pair Loss has 0.53% lower test accuracy than the

original.

3.5. SimPLE Algorithm

By putting together all the components introduced in this

section, we now present the SimPLE algorithm. During

training, for a mini-batch of samples, SimPLE first augment

labeled and unlabeled samples with both weak and strong

augmentations. The pseudo labels of the unlabeled samples

are obtained by averaging and then sharpening the models’

predictions on the weakly augmented unlabeled samples.

Finally, we optimize the loss terms based on augmented

samples and pseudo labels. During testing, SimPLE uses

the exponential moving average of the weights of the model

to make predictions, as the way done by MixMatch in [2].

Figure 2 gives an overview of SimPLE, and the complete

algorithm is in algorithm 1.

CIFAR-100

Method 10000 labels Backbone

MixMatch∗ 64.01% WRN 28-2

MixMatch Enhanced 67.12% WRN 28-2

SimPLE 70.82% WRN 28-2

MixMatch† [26] 71.69% WRN 28-8

ReMixMatch† [26] 76.97% WRN 28-8

FixMatch [26] 77.40% WRN 28-8

SimPLE 78.11% WRN 28-8

Table 1: CIFAR-100 Top-1 Test Accuracy. ∗: using our

implementation. †: reported in FixMatch [26].

4. Experiments

Unless specified otherwise, we use Wide ResNet 28-2

[33] as our backbone and AdamW [20] with weight decay

for optimization in all experiments. We also use the expo-

nential moving average (EMA) of the network parameter of

every training step for evaluation and label guessing.
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CIFAR-10 SVHN

Method 1000 labels 4000 labels 1000 labels 4000 labels

VAT† [1] 81.36% 88.95% 94.02% 95.80%

MeanTeacher† [1] 82.68% 89.64% 96.25% 96.61%

MixMatch [2] 92.25% 93.76% 96.73% 97.11%

ReMixMatch [1] 94.27% 94.86% 97.17% 97.58%

FixMatch [26] − 95.69% 97.64% −
SimPLE 94.84% 94.95% 97.54% 97.31%

Fully Supervised†‡ 95.75% 97.3%

Table 2: CIFAR-10 and SVHN Top-1 Test Accuracy. All experiments use WRN 28-2. †: The accuracy is reported in

ReMixMatch [1] and using its own implementation. ‡: Fully supervised baseline using all the labels and simple augmentation

(flip-and-crop).

Mini-ImageNet

Method 4000 labels Backbone K

MixMatch∗ 55.47% WRN 28-2 2

MixMatch Enhanced 60.50% WRN 28-2 7

SimPLE 66.55% WRN 28-2 7

MeanTeacher† [14] 27.49% Resnet-18 –

Label Propagation [14] 29.71% Resnet-18 –

SimPLE 49.39% Resnet-18 7

Table 3: Mini-ImageNet Top-1 Test Accuracy. ∗: using our implementation. †: The score is reported in [14] and using its

own implementation.

To have a fair comparison with MixMatch, we imple-

mented an enhanced version of MixMatch by combing it

with Augmentation Anchoring [1]. To report test accuracy,

we take the checkpoint with the highest validation accuracy

and report its test accuracy. By default, our experiments

have fixed hyperparameters τc = 0.95, τs = 0.9 and EMA

decay to 0.999.

4.1. Datasets and Evaluations

CIFAR-10: A dataset with 60K images of shape 32 ×
32 evenly distributed across 10 classes. The training set

has 50K images, and the test set contains 10K images. Our

validation set size is 5000 for CIFAR-10. The results are

available in table 2.

SVHN: SVHN consists of 10 classes. Its training set has

73257 images, and the test set contains 26032 images. Each

image in SVHN is 32 × 32. Our validation set size is 5000

for SVHN. The results are available in table 2.

CIFAR-100: Similar to CIFAR-10, CIFAR-100 also has

50K training images and 10K test images but with 100

classes. The image size is 32 × 32, the same as CIFAR-

10. Our validation set size is 5000 for CIFAR-100. The

results are available in table 1.

Mini-ImageNet: Mini-ImageNet is first introduced in

[31] for few-shot learning. The dataset contains 100 classes

where each class has 600 images of size 84 × 84. For SSL

evaluation, our protocol follows that of [14], in which 500

images are selected from each class to form the training set,

and the leftover 100 images are used for testing. Since [14]

do not specify its validation set split, we use a total of 7200

training images (72 per class) as validation set; this is of the

same validation set size as [31].

DomainNet-Real [23]: DomainNet-Real has 345 cate-

gories with unbalanced numbers of images per class follow-

ing a long tail distribution. We use this dataset for transfer

learning experiments in section 4.3.1. For our evaluations,

we resize the image to 84× 84 and use 11-shot per class (a

total of 3795) for the labeled training set.

4.2. Baseline Methods

We compare with the following baseline methods: Fix-

Match [26], MixMatch [2], ReMixMatch [1], VAT [21],

MeanTeacher [29], and Label Propagation [14].

4.3. Results

For all datasets, our labeled and unlabeled set split is

done by randomly sample the same number of images from

all classes without replacement. In general, our hyperpa-

rameter choices follows that of MixMatch [2] and FixMatch

[26].

CIFAR-100: We set the loss weight to λU = 150, λP =
150. As shown in table 1, we find that SimPLE has sig-
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Transfer: DomainNet-Real to Mini-ImageNet

Method 4000 labels Convergence step

Supervised w/ EMA§ 48.83% 4K

MixMatch∗ from scratch 50.31% 150K

MixMatch∗ 53.39% 69K

MixMatch Enhanced∗ from scratch 52.83% 734K

MixMatch Enhanced∗ 55.75% 7K

SimPLE from scratch 59.92% 338K

SimPLE 58.73% 53K

Table 4: DomainNet-Real pre-trained model transfer to Mini-ImageNet. All experiments use WRN 28-2. The model is

converged when its validation accuracy reaches 95% of its highest validation accuracy. §: using labeled training set only. ∗:

using our implementation.

nificant improvement on CIFAR-100. For better compar-

ison with [26], we include experiments using the same

optimizer (SGD), hyperparameters, and backbone network

(WRN 28-8 with 23M parameters). With a larger backbone,

our method still provides improvements over baseline meth-

ods. SimPLE is better than FixMatch by 0.7% and takes

only 4.7 hours of training for convergence, while FixMatch

takes about 8 hours to converge. We consider convergence

is achieved when the validation accuracy reaches 95% of its

highest value.

CIFAR-10, SVHN: For CIFAR-10, we set λU = 75 and

λP = 75; we set λU = λP = 250 for SVHN. For both

datasets, we use SGD with cosine learning rate decay [18]

with decay rate set to 7π
16 following that of FixMatch [26].

In table 2, we find that SimPLE is on par with ReMix-

Match [1] and FixMatch [26]. ReMixMatch, FixMatch,

and SimPLE are very close to the fully supervised base-

line with less than 1% difference in test accuracy. SimPLE

is less effective on these domains because the leftover sam-

ples are difficult ones whose pseudo labels are not similar

to any of the high confidence pseudo labels. In this case, no

pseudo labels can pass the two thresholds in Pair Loss and

contribute to the loss. We observe that the percentage of

pairs in a batch that passes both thresholds stabilizes early

in the training progress (the percentage is 12% for SVHN

and 10% for CIFAR-10). Thus, Pair Loss does not bring

much performance gain as it does in the more complicated

datasets.

Mini-ImageNet: To examine the scalability of our

method, we conduct experiments on Mini-ImageNet. Mini-

ImageNet is a more complex dataset because its categories

and images are sampled directly from ImageNet. Although

the image size is scaled down to 84 × 84, it is still much

more complicated than CIFAR-10, CIFAR-100, and SVHN.

Therefore, Mini-ImageNet is an excellent candidate to illus-

trate the scalability of SimPLE.

In addition to WRN 28-2 experiments on Mini-

ImageNet, we also apply the SimPLE algorithm on ResNet-

18 [12] for a fair comparison with prior works. The results

are in table 3. In general, our method outperforms all other

methods by a large margin on Mini-ImageNet regardless of

backbones. Our method scales with the more challenging

dataset.

Transfer: ImageNet-1K to DomainNet-Real

Method 3795 labels Convergence step

Supervised w/ EMA§ 42.91% 4K

MixMatch∗ 35.34% 5K

MixMatch Enhanced∗ 35.16% 5K

SimPLE 50.90% 65K

Table 5: ImageNet-1K pre-trained model transfer to

DomainNet-Real. All experiments use ResNet-50. The

model is converged when its validation accuracy reaches

95% of its highest validation accuracy. §: using labeled

training set only. ∗: using our implementation.

4.3.1 SSL for Transfer Learning Task

In real-world applications, a common scenario is where the

target task is similar to existing datasets. Transfer learning

is helpful in this situation if the target domain has sufficient

labeled data. However, this is not guaranteed. Therefore,

SSL methods need to perform well when starting from a

pre-trained model on a different dataset. Another benefit of

using a pre-trained model is having fast convergence, which

is important for time-sensitive applications.

Since prior SSL methods often neglect this scenario, in

this section, we evaluate our algorithm, MixMatch [2] and

supervised baseline in the transfer setting. The supervised

baseline only uses labeled training data and parameter EMA

for evaluation. All transfer experiments use fixed augmen-

tations.

Our first experiment is the adaptation from DomainNet-

Real to Mini-ImageNet; the result is in table 4. We observe

that the pre-trained models are on par with training from
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Ablations: CIFAR-100

Ablation Augmentation Type λP τc τs K 10000 labels

SimPLE RandAugment 150 0.95 0.9 2 70.82%

SimPLE RandAugment 150 0.95 0.9 7 73.04%

w/o Pair Loss RandAugment 0 0.95 0.9 2 69.07%

w/o Pair Loss RandAugment 0 0.95 0.9 7 69.94%

w/o RandAugment fixed 150 0.95 0.9 2 67.91%

w/o RandAugment, w/o Pair Loss fixed 0 0.95 0.9 2 67.41%

τc = 0.75 RandAugment 150 0.75 0.9 2 71.96%

τs = 0.7 RandAugment 150 0.95 0.7 2 70.85%

τc = 0.75, τs = 0.7 RandAugment 150 0.75 0.7 2 71.48%

λP = 50 RandAugment 50 0.95 0.9 2 71.34%

λP = 250 RandAugment 250 0.95 0.9 2 71.42%

Table 6: Ablation on CIFAR-100. All experiments use WRN 28-2

scratch but converge 5 ∼ 100 times faster. Under transfer

setting, SimPLE is 7.57% better than MixMatch and 9.9%

better than the supervised baseline.

The experiment in table 5 is for transferring from

ImageNet-1K [7] to DomainNet-Real. Since ImageNet-1K

pre-trained ResNet-50 [12] is readily available in many ma-

chine learning libraries (e.g., PyTorch), we evaluate the per-

formance and the convergence speed using ImageNet-1K

pre-trained ResNet-50 to mimic real-world applications.

On DomainNet-Real, MixMatch is about 7% lower than

the supervised baseline, while SimPLE has 8% higher accu-

racy than the baseline. MixMatch Enhanced, despite having

Augmentation Anchoring, does not outperform MixMatch.

It is clear that SimPLE perform well in pre-trained set-

ting and surpasses MixMatch and supervised baselines by

a large margin. This behavior is consistent across datasets

and network architectures. MixMatch, on the other hand,

does not improve performance in the pre-trained setting.

Compared to training from scratch, the pre-trained mod-

els do not always provide performance improvements since

the pre-trained models might have domain bias that is not

easy to overcome. For example, in our DomainNet-Real to

Mini-ImageNet experiment, the pre-trained test accuracy is

slightly lower than training from scratch. However, the con-

vergence speed is significantly faster (∼8 to 10 times) when

starting from a pre-trained model.

4.3.2 Ablation Study over CIFAR-100

In this section, we conducted ablation studies on CIFAR-

100 with WRN 28-2 to evaluate the effectiveness of differ-

ent parts of our system. The results are available in table 6.

We choose CIFAR-100 because it has a reasonable number

of classes (reasonably complicated) and a small image size

(fast enough for training).

We observe that Pair Loss significantly improves the per-

formance. With a more diverse augmentation policy or in-

creasing the number of augmentations, the advantage of the

Pair Loss is enhanced. Also, SimPLE is robust to threshold

change. One possible explanation for the robustness is that

since a pair must pass both thresholds to contribute to the

loss, changing one of them may not significantly affect the

overall number of pairs that pass both thresholds.

5. Conclusion

We proposed SimPLE, a semi-supervised learning al-

gorithm. SimPLE improves on previous works [2, 1, 26]

by considering a novel unsupervised objective, Pair Loss,

which minimizes the statistical distance between high con-

fidence pseudo labels with similarity above a certain thresh-

old. We have conducted extensive experiments over the

standard datasets and demonstrated the effectiveness of the

SimPLE algorithm. Our method shows significant perfor-

mance gains over previous state-of-the-art algorithms on

CIFAR-100 and Mini-ImageNet [31], and is on par with the

state-of-the-art methods on CIFAR-10 and SVHN. Further-

more, SimPLE also outperforms the state-of-the-art meth-

ods in the transfer learning setting, where models are ini-

tialized by the weights pre-trained on ImageNet [15], or

DomainNet-Real [23].
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