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ABSTRACT

Deep learning based semi-supervised learning (SSL) algorithms have led to
promising results in recent years. However, they tend to introduce multiple tun-
able hyper-parameters, making them less practical in real SSL scenarios where the
labeled data is scarce for extensive hyper-parameter search. In this paper, we pro-
pose a novel meta-learning based SSL algorithm (Meta-Semi) that requires tuning
only one additional hyper-parameter, compared with a standard supervised deep
learning algorithm, to achieve competitive performance under various conditions
of SSL. We start by defining a meta optimization problem that minimizes the loss
on labeled data through dynamically reweighting the loss on unlabeled samples,
which are associated with soft pseudo labels during training. As the meta problem
is computationally intensive to solve directly, we propose an efficient algorithm to
dynamically obtain the approximate solutions. We show theoretically that Meta-
Semi converges to the stationary point of the loss function on labeled data under
mild conditions. Empirically, Meta-Semi outperforms state-of-the-art SSL algo-
rithms significantly on the challenging semi-supervised CIFAR-100 and STL-10
tasks, and achieves competitive performance on CIFAR-10 and SVHN.

1 INTRODUCTION

The recent success of deep learning in supervised tasks is fueled by abundant annotated training data
(Krizhevsky et al., 2012; Simonyan & Zisserman, 2014; Szegedy et al., 2015; LeCun et al., 2015;
He et al., 2016; Huang et al., 2019). However, collecting precise labels in practice is usually very
time-consuming and costly. In many real-world applications, only a small subset of all available
training data are associated with labels (Oliver et al., 2018; Verma et al., 2019). Semi-supervised
learning (SSL) is a learning paradigm that aims to improve model performances by simultaneously
leveraging labeled and unlabeled data (Zhu et al., 2003; Chapelle et al., 2006; Turian et al., 2010).

In the context of deep learning, many successful SSL methods incorporate unlabeled data by per-
forming unsupervised consistency regularization (Laine & Aila, 2016; Tarvainen & Valpola, 2017;
Miyato et al., 2018; Verma et al., 2019; Berthelot et al., 2019). In specific, they first add small per-
turbations to the unlabeled samples, and then enforce the consistency between the model predictions
on the original data and the perturbed data. Though impressive performance has been achieved, the
state-of-the-art consistency based algorithms tend to introduce multiple tunable hyper-parameters.
The final performance of the algorithms is usually conditioned on setting proper values for these
hyper-parameters. However, in real semi-supervised learning scenarios, hyper-parameter searching
is usually unreliable as the annotated data are scarce, leading to high variance when cross-validation
is adopted (Oliver et al., 2018). This problem will become even more serious if the performance
of the algorithm is sensitive to the hyper-parameter values. Furthermore, since the searching space
grows exponentially with respect to the number of hyper-parameters (Bergstra & Bengio, 2012), the
computational cost may become unaffordable for modern deep learning algorithms.

Another challenge to develop practical and robust deep SSL algorithms is how to exploit the labeled
data more efficiently, as these data, although being scarce, have the precise and reliable annotations.
Consistency based SSL algorithms (Laine & Aila, 2016; Tarvainen & Valpola, 2017; Miyato et al.,
2018; Verma et al., 2019; Berthelot et al., 2019) usually model the labeled and unlabeled data in sep-
arate terms in the loss function, where the unlabeled data receives no supervision, at least explicitly,
from the former, leading to an inefficient use of the labeled data.
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In this paper, we propose a meta-learning based SSL algorithm, named Meta-Semi, to efficiently ex-
ploit the labeled data, while requiring tuning only one additional hyper-parameter to achieve impres-
sive performance under various conditions. The proposed algorithm is based on a simple intuition:
if the network is trained with correctly “pseudo-labeled” unannotated samples, the final loss on
labeled data should be minimized. To be specific, we start by explicitly defining a meta reweighting
objective: finding the optimal weights1 for different pseudo-labeled samples to train a network, such
that the final loss on labeled data is minimized. Note that the problem is computationally intensive
to be directly solved via optimization algorithms. Therefore, we propose an approximated formula-
tion, based on which a closed form solution can be obtained. We show theoretically that one meta
gradient step is sufficient to obtain the approximate solutions at each iteration. Finally, we propose
a dynamical weighting algorithm to reweight pseudo-labeled samples with 0-1 weights. Theoretical
analysis shows that our method converges to the stationary point of the supervised loss function.

Our algorithm is empirically validated on widely used image classification benchmarks (CIFAR-10,
CIFAR-100, SVHN and STL-10) with modern deep networks (e.g., CNN-13 and WRN-28). Meta-
Semi outperforms state-of-the-art SSL algorithms, including ICT (Verma et al., 2019) and MixMatch
(Berthelot et al., 2019), on the challenging CIFAR-100 and STL-10 SSL tasks significantly, while
achieves slightly better performance than them on CIFAR-10. Besides, Meta-Semi is complementary
to consistency based methods, i.e., performing consistency regularization in our algorithm further
improves the performance. Moreover, sensitivity test on the only tunable hyper-parameter of Meta-
Semi shows that the algorithm is quite robust to different hyper-parameter values.

2 RELATED WORK
Consistency based semi-supervised learning has been extensively studied in the context of deep
learning in recent years (Sajjadi et al., 2016; Laine & Aila, 2016; Tarvainen & Valpola, 2017; Miyato
et al., 2018; Verma et al., 2019). These methods leverage unlabeled data by adding an unsupervised
regularization term to the standard supervised loss: LS +wLUS , where LS is the conventional loss
on labeled data, LUS is the loss contributed by unlabeled data which is usually defined as a measure
of discrepancy between the model predictions on the original unlabeled samples and their perturbed
counterparts, and w is a pre-defined coefficient. Existing approaches have proposed different ways
to generate the perturbations for LUS , including data augmentation (Bachman et al., 2014; Laine &
Aila, 2016; Sajjadi et al., 2016), adversarial noise (Miyato et al., 2018), Dropout (Park et al., 2018),
data interpolation (Verma et al., 2019), etc. To enhance the model stability, an exponential mov-
ing average (EMA) on parameters or predictions is often adopted (Laine & Aila, 2016; Tarvainen
& Valpola, 2017). The effectiveness of these approaches is conditioned on the proper setting of
the coefficient w. As recent methods (Berthelot et al., 2019; 2020) usually integrate multiple regu-
larization techniques, finding the proper hyperparameter setting becomes a challenging problem in
practice, especially in SSL scenarios where few samples are available for cross-validation.

Other semi-supervised learning algorithms. Early work on SSL can be categorized into cluster
assumption based methods (Joachims, 2003; 1999) and graph assumption based methods (Zhu et al.,
2003; Bengio et al., 2006). For deep learning based SSL, (Kingma et al., 2014; Odena, 2016)
propose to train deep generators using both the labeled and unlabeled data to estimate the data
distribution. Pseudo label based method (Lee, 2013) is also widely used in deep SSL. It progressively
uses the highly confident model predictions to generate pseudo labels for unlabeled samples during
training. Minimizing the entropy of the model prediction on unlabeled data is also proven effective
for SSL (Grandvalet & Bengio, 2005; Miyato et al., 2018).

Meta learning. Since Meta-Semi follows a meta-learning paradigm, we briefly review the existing
work on this topic. The idea of meta-learning is motivated by the goal of ‘learning to learn better’
(Lake et al., 2017; Andrychowicz et al., 2016). Meta-learning algorithms usually define a meta
optimization problem to extract information from the learning process. For example, using the loss
on a small amount of trustable data as the meta-objective is widely adopted in few-shot learning
(Ravi & Larochelle, 2017; Ren et al., 2018a). MAML (Finn et al., 2017) proposes to minimize the
meta loss directly via gradient descents. To address the challenge that naively minimizing the meta
objective requires performing multiple meta update steps iteratively for every ‘real’ update step on
model parameters, (Ren et al., 2018b) propose an online approximation method to make the meta
training process more tractable. The proposed algorithm is similar to that in (Ren et al., 2018b), but

1Throughout the paper, the term “weights” always refer to the coefficients that we use to reweight each
individual unlabeled sample, instead of referring to the parameters of neural networks.

2



Under review as a conference paper at ICLR 2021

our contributions lie in several important aspects. First, we exploit the labeled data more efficiently
in SSL by leveraging the meta-reweighting method, which not only reduces the required number of
tunable hyper-parameters, but also effectively improves the performance. As far as we know, this
idea has not been explored in the literature. Second, we propose a novel dynamical re-weighting
process that is tailored for SSL. This is non-trivial since directly applying the method in (Ren et al.,
2018b) to SSL leads to inferior results (see: Table 1). Third, we provide a theoretical convergence
analysis in the context of SSL, which utilizes different proof techniques from (Ren et al., 2018b).

3 METHOD

In this section, we introduce the details of our Meta-Semi algorithm. Different from most exist-
ing methods that leverage unsupervised consistency regularization, we propose to solve the SSL
problem in a meta-learning paradigm. As an overview, we first compute the cross-entropy loss of
unlabeled samples using their corresponding pseudo labels. Then we reweight the loss on each unla-
beled sample by solving a meta optimization problem that minimizes the supervised loss of labeled
samples. As directly solving the meta problem is computationally intractable, we propose an ap-
proximation method to dynamically obtain the 0-1 approximate solutions, which only requires one
meta gradient descent step. In addition, theoretical guarantees are provided to show that our method
converges to the stationary point of the supervised loss.

3.1 META OPTIMIZATION PROBLEM
We start by presenting the weighted loss function of our method, and defining a meta optimization
problem to determine the value of the weight for each unlabeled sample.

Suppose that the networks are trained with stochastic gradient descent (SGD). At each iteration, we
sample a mini-batch of labeled samples X = {(xi,yi)} together with a mini-batch of unlabeled
samples U={(uj , ŷj)}, where xi and yi represent the ith labeled sample and its associated ground
truth label, respectively, and uj and ŷj represent the jth unlabeled sample and its pseudo label, re-
spectively. Following earlier work (Verma et al., 2019; Berthelot et al., 2019), we use the MixUp
augmentation (Zhang et al., 2018) to generate a mixed version of the inputs to improve the gener-
alization performance, instead of directly using X and U . The augmented mini-batch of training
samples are denoted by X̃ = {(x̃i, ỹi)} and Ũ = {(ũj , ŷj)}. We defer the details on generating
pseudo labels and obtaining X̃ and Ũ to Section 3.3.

Consider training a deep network with parameters θ. We first feed an unlabeled sample ũj into the
network, producing its prediction p(ũj |θ). Then we calculate the cross-entropy loss L(ŷj , p(ũj |θ))
using the corresponding soft pseudo label ŷj . The loss of this sample is further reweighed by
w∗j ∈ [0, 1] to construct the final loss function

Lmeta =
1∑|Ũ|

j=1 w
∗
j

∑|Ũ|

j=1
w∗jL(ŷj , p(ũj |θ)). (1)

Without loss of generality, we assume Lmeta = 0 when
∑|Ũ|
j=1 w

∗
j = 0. The weight scalar w∗j is

determined by minimizing the meta loss on the labeled data. To illustrate that, we first consider
training the network with a similar weighted loss

θ∗(w) = arg min
θ

∑|Ũ|

j=1
wjL(ŷj , p(ũj |θ)), (2)

where θ∗(w) is the optimal solution that minimizes the weighted loss. Obviously, it is a function
of the weight vector w = [w1, w2, . . .]

T . Then the weights w∗ is solved by minimizing the loss on
labeled data X̃ with θ∗(w), namely

w∗ = arg min
wj∈[0,1],j=1,...,|Ũ|

∑|X̃ |

i=1
L(ỹi, p(x̃i|θ∗(w))). (3)

Intuitively, our aim is to find a subset of pseudo-labeled samples, which, if used for training, are
the most beneficial in terms of the generalization performance. The labeled data are leveraged to
determine if each pseudo-labeled sample should be used, instead of directly being used for train as
most existing SSL algorithms do (Laine & Aila, 2016; Tarvainen & Valpola, 2017; Miyato et al.,
2018; Verma et al., 2019; Berthelot et al., 2019). We argue that this is a more effective approach to
exploit the supervision information.

3.2 APPROXIMATING THE META SOLUTION
To solve the meta optimization problem Eqs. (2) and (3) efficiently, we introduce a method to
obtain an approximate solution. At tth step in the training process, consider estimating θ∗(w) by
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performing M times of gradient descents starting from current values of network parameters θt:
θ
t

M ≈ θ∗(w), θ
t

0 = θt, (4)

θ
t

m+1 = θ
t

m − αt
∂∑|Ũ|j=1 wjL(ŷj , p(ũj |θ

t

m))

∂θ
t

m

 ,m = 0, 1, . . . ,M − 1, (5)

where αt is the learning rate. As SGD has proven to be effective for optimizing deep networks, θ
t

M
is a reliable alternate of θ∗(w) as long as M is sufficiently large.

Given that θ∗(w) can be estimated by θ
t

M , a naive method of approximating w∗ is to further esti-
mate the gradient ∇w

∑|X̃ |
i=1L(ỹi, p(x̃i|θ∗(w))) with θ

t

M , and then repeatedly update w following
similar gradient based optimization algorithms. However, it is computationally intensive to do that
since updating w for N times requires MN steps of gradient descents on the network parameters.
To get a efficient estimate of w∗, we propose a dynamic approximation approach in the following.

First, to reduce the iterations of updatingw, we exploit a first order Taylor approximation of Eq. (3)
at w = 0:

w∗≈ arg min
wj∈[0,1],j=1,...,|Ũ|

wT

[
∂
∑|X̃ |
i=1 L(ỹi, p(x̃i|θ

t

M ))

∂w

∣∣∣∣∣
w=0

]
. (6)

Notably, θ
t

M is obtained using the gradients of the weighted loss according to Eq. (5), and thus it is
differentiable with respect to wj . As the optimization objective in Eq. (6) is linear, it is straightfor-
ward to derive the solution:

w∗j ≈ wtj =


1

∂
∑|X̃ |

i=1 L(ỹi,p(x̃i|θ
t
M ))

∂wj

∣∣∣∣
w=0

≤ 0

0
∂
∑|X̃ |

i=1 L(ỹi,p(x̃i|θ
t
M ))

∂wj

∣∣∣∣
w=0

> 0

, (7)

where wtj denotes the approximate solution of w∗j . The required steps of gradient descents are
reduced to M from MN by leveraging Eq. (7). However, the algorithm is still inefficient since a
large M is necessary to get a sufficiently accurate θ

t

M . To further reduce the computational cost, an
intriguing property can be leveraged. In the following proposition, we show that the results of Eq.
(7) will remain the same if θ

t

M is replaced by θ
t

1. In other words, Eq. (7) can be precisely solved
using θ

t

1 instead of θ
t

M , and the former only needs one gradient descent step to obtain.

Proposition 1. Suppose that θ
t

M is given by M steps of gradient descents starting from θ
t

0 = θt.
Then we have

∂
∑|X̃ |
i=1 L(ỹi, p(x̃i|θ

t

M ))

∂wj

∣∣∣∣∣
w=0

= M

[
∂
∑|X̃ |
i=1 L(ỹi, p(x̃i|θ

t

1))

∂wj

∣∣∣∣∣
w=0

]
, ∀ 1≤j≤ |Ũ|. (8)

Proof. See Appendix A.
With Proposition 1, we are ready to present the final form of our dynamically reweighting for-
mula:

wtj =


1

∂
∑|X̃ |

i=1 L(ỹi,p(x̃i|θ
t
1))

∂wj

∣∣∣∣
w=0

≤ 0

0
∂
∑|X̃ |

i=1 L(ỹi,p(x̃i|θ
t
1))

∂wj

∣∣∣∣
w=0

> 0

. (9)

As we leverage a meta learning approach to reweight different pseudo-labeled samples, we call our
method Meta-Semi. The pseudo code of Meta-Semi is presented in Algorithm 1. In summary, after
each standard forward step of the pseudo-labeled samples, we first update the parameters with the
loss of all samples weighted by zero. Such a meta updating step does not change the values of
parameters, but construct a differentiable computational graph. Then we calculate the supervised
loss on labeled data, and exploit the computational graph to take the derivative of the supervised
loss with respect to the zero weight, which is called “meta gradient”. Finally, we only use the
pseudo-labeled samples with negative meta gradients to train the network.

Interpretation of meta gradients. A straightforward way to interpret the meta gradients is that
it can be viewed as the influence on the supervised loss when the weight of certain pseudo-labeled
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Algorithm 1 The Meta-Semi Algorithm.

1: Initialize: θ0
2: for t = 1 to T do
3: Randomly sample X , U
4: Generate X̃ , Ũ
5: Compute p(ũj |θt), ũj ∈ Ũ
6: w ← 0, θ

t
0 ← θt

7: ∇
θ
t
0
←

∂
∑|Ũ|

j=1 wjL(ŷj ,p(ũj |θt))
∂θt

8: θ
t
1 ← θ

t
0 − αt∇

θ
t
0

9: Compute p(x̃i|θ
t
1), x̃i∈ X̃

10: Meta Gradient: ∇t
w←

∂
∑|X̃ |

i=1 L(ỹi,p(x̃i|θ
t
1))

∂w

11: wt ← sign(max(−∇t
w, 0)) (Eq. (9))

12: Lmeta← 1∑|Ũ|
j=1 wt

j

∑|Ũ|
j=1 w

t
jL(ŷj , p(ũj |θt))

13: θ(t+1) ← θt − αt ∂Lmeta
∂θt

14: end for

𝜽

Average gradients of labeled samples.
Trajectory of 𝜽.

Gradients used for updating 𝜽 ( = 1).
Gradients abandoned (								= 0).

Figure 1: Illustration of Meta-Semi. Herein,
∇L(ũj) and∇L(x̃i) denote∇θtL(ŷj , p(ũj |θt))
and∇θtL(ỹi, p(x̃i|θt)), respectively. Our method
trains the networks using pseudo-labeled samples
with similar gradient directions to labeled samples.

sample changes slightly around zero during training. In fact, there exists a more intriguing and
interesting interpretation. The meta gradients given in Eq. (9) can be expressed as

∂
∑|X̃ |
i=1 L(ỹi, p(x̃i|θ

t

1))

∂wj

∣∣∣∣∣
w=0

=

∂∑|X̃ |i=1L(ỹi, p(x̃i|θ
t

1))

∂θ
t

1

]T∂(θ
t

0−αt∇θt
0
)

∂wj

∣∣∣∣∣∣
w=0

=−αt
[
∂
∑|X̃ |
i=1L(ỹi, p(x̃i|θt))

∂θt

]T[
∂L(ŷj , p(ũj |θt))

∂θt

]
,

(10)

which follows from ∇
θ
t
0
=
∑|Ũ|
k=1wk

∂L(ỹk,p(ũk|θ
t
0))

∂θ
t
0

and θ
t

1 = θ
t

0 = θt. For the pseudo-unlabeled

sample (ũj , ŷj), its meta gradient is negatively proportional to the inner product of the average gra-
dient of labeled samples and the gradient produced by itself. In other words, the sign of the meta
gradient indicates whether the angle between the former and the later is larger than 90 degrees. In-
tuitively, if the pseudo label is correct, the corresponding gradient should guide the model towards
a similar direction to the labeled samples, or at least should not be largely different from the su-
pervised gradient in direction. In essence, Meta-Semi trains networks using pseudo-labeled samples
whose gradient directions are similar to labeled samples. An illustration is shown in Figure 1.

3.3 IMPLEMENTATION DETAILS
Pseudo labels. To obtain high quality pseudo labels for the original unlabeled mini-batch U , we first
apply an exponential moving average (EMA) on model parameters, which has proven to be effective
in providing supervision on unlabeled data (Tarvainen & Valpola, 2017; Verma et al., 2019). Then
we feed every unlabeled sample uj in U into the EMA model, and take the corresponding softmax
prediction as the soft pseudo label ŷj .

MixUp augmentation is an important regularization technique used by state-of-the-art deep SSL
algorithms (Verma et al., 2019; Berthelot et al., 2019). It improves the generalization performance
of models by encouraging the ‘convex’ behavior between different samples. Given a pair of sam-
ples with corresponding annotations (x1, y1) and (x2, y2), MixUp is performed to generate an
augmented sample via linear interpolation:

x̃ = λx1 + (1− λ)x2, ỹ = λy1 + (1− λ)y2, (11)

where λ is sampled from a pre-defined Beta distribution. In Meta-Semi, we leverage MixUp to
generate the mixed training data X̃ and Ũ . Formally, X̃ is obtained from only the labeled set X :

X̃ = MixUp(X ,Shuffle(X ), λ1), λ1∼Beta(β, β), (12)

where β is the parameter of the Beta distribution, and it is the only tunable hyper-parameter (exclud-
ing the hyper-parameters of a supervised learning algorithm) in our algorithm. With regards to Ũ ,
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Figure 2: Empirical validation of Assumption 1. The value of
EX̃ ,Ũ‖∇θtLmeta‖2

‖∇θtEX̃G(X̃ ,θt)‖2 is estimated at each training

epoch using Monte-Carlo sampling with a sample size 500. Results on CIFAR-10 (C10) and CIFAR-100
(C100) with varying numbers of labeled samples are presented. It can be observed that the ratio generally
increases before the 500th epoch, but gradually becomes stable or even decreases in the last part of the training
process when the learning rate approaches 0. Therefore, it is reasonable to assume that Assumption 1 holds.

we ideally want the unlabeled data to extract more information from the labeled samples. Therefore,
we first concatenate X and U together, and then apply the MixUp procedure:

Ũ = MixUp(W,Shuffle(W), λ2), W = Concat(X ,U), λ2∼Beta(β, β), (13)

where the one-hot ground truth labels are used for X and the soft pseudo labels are used for U .

Compatibility with consistency based methods. As a matter of fact, Meta-Semi is compatible with
existing consistency based algorithms, and they can be integrated when necessary. To see this, the
regularization term can be simply appended to the loss function with an addition coefficient w:

L = Lmeta + wLconsistency. (14)

In experiments, we show that although Meta-Semi has already achieved state-of-the-art performance,
its performance is still able to be significantly improved by integrating consistency regularization.

3.4 CONVERGENCE ANALYSIS
In this section, we show theoretically that under some mild conditions, our method converges to the
stationary point of the loss on labeled data. To make it clear, we first define the supervised loss on
the labeled mini-batch X̃ :

G(X̃ ,θt) =
∑|X̃ |

i=1
L(ỹi, p(x̃i|θt)). (15)

Thus, the expected loss on all the labeled data is EX̃G(X̃ ,θt). Then we introduce the definition
of Lipschitz-smooth and a mild assumption stating that the expected norm of gradients used for
updating model parameters will not get too large compared with the gradient of the supervised loss.
Definition 1. A function f :Rn→R is said to be Lipschitz-smooth with constant L if

‖∇f(x)−∇f(y)‖ ≤ L‖x− y‖, ∀x, y ∈ Rn.
Assumption 1. For all t ≥ 0, there exists a positive scalar σ, such that

EX̃ ,Ũ‖∇θtLmeta‖2≤ σ‖∇θtEX̃G(X̃ ,θt)‖2.
In fact, the assumption is not very strong. Roughly, since Lmeta is computed using the ground truth
labels and the pseudo labels based on the prediction of the EMA model, it is usually very close to the
minima of the loss function, especially when the networks tend to be stable with sufficiently large t.
Empirically, we show that Assumption 1 holds in many cases of SSL, which is shown in Figure 2.
Under this condition, the following proposition shows that our method converges to the stationary
point of the loss on labeled data with proper learning rate schedules.

Proposition 2. Assume that the loss function on labeled data G(X̃ ,θt) is Lipschitz-smooth with
regards to θt for all X̃ , and that Assumption 1 holds. Suppose also that the learning rate αt > 0
satisfies:

lim
t→∞

αt = 0,

∞∑
t=0

αt =∞. (16)

Then every limit point of the sequence {θt} generated by Meta-Semi is a stationary point of
EX̃G(X̃ ,θt), namely,

lim
t→∞
‖∇θtEX̃G(X̃ ,θt)‖= 0.

Proof. See Appendix B.
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Table 1: Performance of Meta-Semi and state-of-the-art SSL algorithms with the CNN-13 network. We report
the average test errors and the standard deviations of 5 trials. In each setting, the best two results are bold-faced.

Dataset CIFAR-10 CIFAR-100

Number of Labeled Samples 1000 2000 4000 4000 10000

Supervised 39.95± 0.75% 27.67± 0.12% 20.42± 0.21% 58.31± 0.89% 44.56± 0.30%
Supervised + MixUp (Zhang et al., 2018) 31.83± 0.65% 24.22± 0.15% 17.37± 0.35% 54.87± 0.07% 40.97± 0.47%

Π-model (Laine & Aila, 2016) 28.74± 0.48% 17.57± 0.44% 12.36± 0.17% 55.39± 0.55% 38.06± 0.37%
Temp-ensemble (Laine & Aila, 2016) 25.15± 1.46% 15.78± 0.44% 11.90± 0.25% - 38.65± 0.51%
Mean Teacher (Tarvainen & Valpola, 2017) 18.27± 0.53% 13.45± 0.30% 10.73± 0.14% 45.36± 0.49% 35.96± 0.77%
VAT (Miyato et al., 2018) 18.12± 0.82% 13.93± 0.33% 11.10± 0.24% - -
SNTG (Luo et al., 2018) 18.41± 0.52% 13.64± 0.32% 10.93± 0.14% - 37.97± 0.29%
Learning to Reweight (Ren et al., 2018b) 11.74± 0.12% - 9.44± 0.17% 46.62± 0.29% 37.31± 0.47%
MT + Fast SWA (Athiwaratkun et al., 2019) 15.58% 11.02% 9.05% - 33.62± 0.54%
ICT (Verma et al., 2019) 12.44± 0.57% 8.69± 0.15% 7.18± 0.24% 40.07± 0.38% 32.24± 0.16%
Meta-Semi 10.27± 0.66% 8.42± 0.30% 7.05± 0.27% 37.61± 0.56% 30.51± 0.32%
Meta-Semi + ICT 9.29± 0.62% 7.05± 0.12% 6.42± 0.18% 37.12± 0.59% 29.68± 0.05%

Table 2: Performance of Meta-Semi with the WRN-28 network. Average test errors and standard deviations of
5 trials are reported. “#HPs” refers to the number of tunable hyper-parameters. The best results are bold-faced.

Methods #HPs
CIFAR-10 CIFAR-100

250 Labels 500 Labels 1000 Labels 2000 Labels 4000 Labels 10000 Labels

Mean Teacher (Tarvainen & Valpola, 2017) 2 47.32± 4.71% 42.01± 5.86% 17.32± 4.00% 12.17± 0.22% 10.36± 0.25% -
VAT (Miyato et al., 2018) 2 36.03± 2.82% 26.11± 1.52% 18.68± 0.40% 14.40± 0.15% 11.05 v 0.31% -
MixMatch (Berthelot et al., 2019) 4 11.08± 0.87% 9.65± 0.94% 7.75± 0.32% 7.03± 0.15% 6.24± 0.06% 30.84± 0.29%
Meta-Semi 1 9.40± 0.58% 8.18± 0.43% 7.34± 0.22% 6.58± 0.07% 6.10± 0.10% 29.69± 0.18%

4 EXPERIMENTS Table 3: Test errors on STL-10. We adopt the
same experimental setups as (Berthelot et al.,
2019). The best result is bold-faced.

Method STL-10, 1000 labels
SWWAE (Zhao et al., 2015) 25.70%
CC-GAN (Denton et al., 2016) 22.20%
MixMatch (Berthelot et al., 2019) 10.18 ± 1.46%
Meta-Semi 8.03 ± 0.24%

In this section, we empirically evaluate the effective-
ness of the proposed Meta-Semi method, analyze its
time complexity experimentally, and give sensitivity
tests. The ablation studies are deferred to Appendix C.
All experiments are conducted using a single Nvidia
Titan Xp GPU.

4.1 EXPERIMENTAL SETUP

Our experiments are based on four widely used image classification benchmarks, i.e., CIFAR-10/100
(Krizhevsky et al., 2009), SVHN (Netzer et al., 2011) and STL-10 (Coates et al., 2011), and two
modern deep networks, i.e., a 13-layer CNN (CNN-13) and the Wide-ResNet-28 (WRN-28). On
CIFAR and SVHN, we randomly preserve the labels of certain numbers of samples (identical for
each class), and remain all other samples unlabeled. On STL-10, we use pre-defined folds. Due to
spatial limitation, details on data pre-processing, training/validation splitting, training configurations
and baselines are deferred to Appendix D. These settings follow the common practice of SSL (Oliver
et al., 2018; Berthelot et al., 2019; Verma et al., 2019; Tarvainen & Valpola, 2017; Athiwaratkun
et al., 2019). The hyper-parameter β of Meta-Semi is selected among [0.2, 1] on the validation set.

4.2 MAIN RESULTS

Results on CIFAR with various numbers of labeled samples are presented in Tables 1, 2. It can be
observed that Meta-Semi consistently outperforms state-of-the-art SSL algorithms in terms of gen-
eralization performance, especially with relatively less labeled data and larger numbers of classes.
For example, when using CNN-13, on CIFAR-10 with 4000 labels, Meta-Semi outperforms the
competitive baseline, ICT, by 0.13% in absolute error, while with 1,000 labels on CIFAR-10 and
with 4,000 labels on CIFAR-100, Meta-Semi yields more significant improvements of 2.17% and
2.46%, respectively. A plausible explanation for this phenomenon is that in these challenging cases,
the large majority of training data are unannotated, and thus the consistency regularization terms in
the loss function of consistency based methods dominant the training process. However, minimizing
the consistency loss does not necessarily ensure high generalization performance since the unlabeled
data receives no direct supervision from the labeled data. In contrast, our method exploits labeled
data to perform supervision on unlabeled data, which is more robust for tasks with small labeled
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Table 4: Test errors on SVHN with varying amount of labeled
data. We report the average results and the standard deviations
of 5 independent experiments. All results are based on CNN-13.
The best results are bold-faced.

Methods
SVHN SVHN

500 labels 1000 labels
VAT (Miyato et al., 2018) - 5.42%
Π-model (Laine & Aila, 2016) 6.65 ± 0.53% 4.82 ± 0.17%
Temp-ensemble (Laine & Aila, 2016) 5.12 ± 0.13% 4.42 ± 0.16%
Mean Teacher (Tarvainen & Valpola, 2017) 4.18 ± 0.27% 3.95 ± 0.19%
ICT (Verma et al., 2019) 4.23 ± 0.15% 3.89 ± 0.04%
SNTG (Luo et al., 2018) 3.99 ± 0.24% 3.86 ± 0.27%
Meta-Semi 4.12 ± 0.21% 3.92 ± 0.11%
Meta-Semi + ICT 3.98 ± 0.09% 3.77 ± 0.05%

-
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

T
es

t
E
rr

or
(%

)

30

32

34

36

38

40
Meta-Semi
ICT (w = 150)
ICT (w = 100)
ICT (w = 50)
ICT (w = 10)

Figure 3: Test errors with varying β on
CIFAR-100 using 10,000 labels. The CNN-
13 network is used. We also report the re-
sults of ICT (Verma et al., 2019).

Table 5: Performance of Meta-Semi v.s. baselines with fixed amount of training time. We report the
mean test errors of both networks on CIFAR-100 with 10,000 labels. The best results are bold-faced.

(a) CNN-13
Training Time 5.0h 7.5h 10.0h 12.6h
ICT (Verma et al., 2019) 33.43% 32.84% 32.61% 32.24%
Meta-Semi 32.73% 31.81% 31.06% 30.84%

(b) WRN-28
Training Time 13.7h 18.3h 22.8h 29.2h
MixMatch (Berthelot et al., 2019) 32.94% 31.91% 31.26% 30.84%
Meta-Semi 31.74% 30.85% 30.50% 30.13%

set. On the other hand, MixMatch utilizes MixUp augmentation to integrate labeled and unlabeled
samples, showing robust performance with less labels as well, but Meta-Semi outperforms it in terms
of test accuracy. Moreover, it is shown that the performance of Meta-Semi can be significantly im-
proved by combining it with consistency generalization. On CIFAR-10 with 2000 labels, CNN-13
based Meta-Semi + ICT outperforms Meta-Semi by 1.37%.

Another important observation is that our method has only 1 tunable hyper-parameter. Provided that
each hyper-parameter has M candidates, the cost of Meta-Semi for hyper-parameter search will be
1/M of VAT and Mean Teacher, and 1/M3 of MixMatch.

Results on STL-10 and SVHN are presented in Table 3 and Table 4, respectively. The results
indicate that the test accuracy of Meta-Semi outperforms MixMatch by more than 2% on STL-10,
and is comparable with state-of-the-art SSL algorithms on SVHN.

4.3 HYPER-PARAMETER SENSITIVITY

The β parameter for the Beta distribution in MixUp augmentation is the only additional hyper-
parameter that needs to be tuned when Meta-Semi is implemented in new SSL tasks. To study the
sensitivity of our method to β, we vary the value of β, and present the test errors in Figure 3. For
comparison, we also present the results of ICT (Verma et al., 2019) when its two additional hyper-
parameters (β and the unsupervised regularization coefficient w) change among the recommended
candidates provided by the original paper. One can observe that the performance of Meta-Semi is
relatively stable when β ranges from 0.1 to 1. In contrast, ICT is sensitive to both the two hyper-
parameters. It has been shown that hyper-parameter searching is difficult on realistic SSL tasks
(Oliver et al., 2018). Meta-Semi can be more easily applied as it requires less effort for tuning
hyper-parameters.

4.4 EFFICIENCY OF Meta-Semi
Our method generally requires more training time for each iteration as it includes bi-level optimiza-
tion. However, we find that our algorithm converges fast and if we consider a fixed amount of
training time, it still outperforms the others, as shown in Table 5.

5 CONCLUSION

In this paper, we have presented a novel semi-supervised classification algorithm under the meta-
learning paradigm. The proposed Meta-Semi algorithm is capable of adapting to various SSL tasks
with impressive performance via tuning only one additional hyper-parameter, and empirically we
have observed that the model performance is robust to different settings of this hyper-parameter.
Theoretically, we have provided the convergence analysis to show that Meta-Semi always converges
to a stationary point under mild conditions. On four competitive datasets, Meta-Semi has achieved
state-of-the-art performance compared to existing deep SSL algorithms.
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APPENDIX: META-SEMI: A META-LEARNING APPROACH FOR
SEMI-SUPERVISED LEARNING

A PROOF OF PROPOSITION 1

This section provides the proof of Proposition 1.

Proposition 1. Suppose that θ
t

M is given by M times of gradient descents starting from θ
t

0 = θt.
Then we have

∂
∑|X̃ |
i=1 L(ỹi, p(x̃i|θ

t

M ))

∂wj

∣∣∣∣∣
w=0

= M

[
∂
∑|X̃ |
i=1 L(ỹi, p(x̃i|θ

t

1))

∂wj

∣∣∣∣∣
w=0

]
, ∀ 1≤j≤ |Ũ|. (17)

Proof. According to the updating rule θ
t

M = θ
t

M−1−αt∇θt
M−1

∑|Ũ|
k=1 wkL(ŷk, p(ũk|θ

t

M−1)), we
obtain:
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∂∑|X̃ |i=1L(ỹi, p(x̃i|θt))
∂θt

]T[
∂θ

t

M−2

∂wj

∣∣∣∣∣
w=0

− 2αt
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In the above, the Eq. (23) is obtained as we have θ
t

M = θ
t

M−1 = . . . = θ
t

0 when w = 0. The Eq.
(25) follows repeatedly using Eqs. (18-23). Let M = 1, we have

∂
∑|X̃ |
i=1 L(ỹi, p(x̃i|θ

t

1))

∂wj

∣∣∣∣∣
w=0

= −αt
[
∂
∑|X̃ |
i=1L(ỹi, p(x̃i|θt))

∂θt

]T[
∂L(ŷj , p(ũj |θt))

∂θt

]
. (27)

By combining Eq. (26) and Eq. (27), we prove the desired proposition.

B PROOF OF PROPOSITION 2

This Section provides the proof of Proposition 2. In our proof, the MixUp augmentation is consid-
ered since it is an important part of our algorithm. We begin with a Lemma (Bertsekas, 1997) based
on the definition of Lipschitz-smooth.

Definition 1. A continuously differentiable function f : Rn → R is said to be Lipschitz-smooth with
constant L if

‖∇f(x)−∇f(y)‖ ≤ L‖x− y‖,∀x, y ∈ Rn.

Lemma 1. Assume that the continuously differentiable function f : Rn → R is Lipschitz-smooth
with the scalar L. Then

f(x+ y) ≤ f(x) + yT∇f(x) +
L

2
‖y‖2,∀x, y ∈ Rn.

Then we introduce a mild assumption to restrict the expected norm of the gradients. The assumption
is empirically shown to be generally held in semi-supervised learning.

To clearly present the assumption and the proof, we first define two new symbols. Suppose that the
supervised loss on the labeled mini-batch X̃ at tth step is denoted by

G(X̃ ,θt) =

|X̃ |∑
i=1

L(ỹi, p(x̃i|θt)). (28)

In addition, we denote the dynamically weighted loss of pseudo-labeled samples by

F (X̃ , Ũ ,θt) = Lmeta =
1∑|Ũ|

j=1 w
t
j

|Ũ|∑
j=1

wtjL(ŷj , p(ũj |θt)), (29)

Note that we assume F (X̃ , Ũ ,θt) = 0 if
∑|Ũ|
j=1 w

t
j = 0. Then we have the following assumption.

Assumption 1. For all t ≥ 0, there exists a positive scalar σ, such that

EX̃ ,Ũ‖∇θtF (X̃ , Ũ ,θt)‖2≤ σ‖∇θtEX̃G(X̃ ,θt)‖2.

Now we are ready to present the detailed proof. Our proof is partially inspired by the proof of
convergence for gradient based methods with diminishing stepsize provided by (Bertsekas, 1997).

Proposition 2. Assume that the loss function on labeled data G(X̃ ,θt) is Lipschitz-smooth with
regards to θt for all X̃ , and that assumption 1 holds. Suppose also that the learning rate αt > 0
satisfies:

lim
t→∞

αt = 0,

∞∑
t=0

αt =∞. (30)

Then every limit point of the sequence {θt} generated by Meta-Semi is a stationary point of
EX̃G(X̃ ,θt), namely,

lim
t→∞
‖∇θtEX̃G(X̃ ,θt)‖= 0.
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Proof. The MixUp data augmentation needs to be considered because it is leveraged to generate X̃
and Ũ from the original data. On the basis of the original labeled samples X and unlabeled samples
U (associated with original pseudo labels), we have

X̃ = MixUp(X ,Shuffle(X ), λ1), λ1∼Beta(α, α), (31)

W = Concat(X ,U), (32)

Ũ = MixUp(W,Shuffle(W), λ2), λ2∼Beta(α, α). (33)

Given that the MixUp augmentation is performed between the mini-batch and itself with certain
random permutation, we define the expected loss over all possible permutations by

G(X ,θt, λ1) = E
X̃∈MixUp(X ,Shuffle(X ),λ1)

G(X̃ ,θt)

= E
X̃∈MixUp(X ,Shuffle(X ),λ1)

|X̃ |∑
i=1

L(ỹi, p(x̃i|θt)),
(34)

F (X̃ ,X ,U ,θt, λ2) = E
Ũ∈MixUp(W,Shuffle(W),λ2)

 |Ũ|∑
j=1

wtj

F (X̃ , Ũ ,θt)

= E
Ũ∈MixUp(W,Shuffle(W),λ2)

|Ũ|∑
j=1

wtjL(ŷj , p(ũj |θt)),

(35)

where the first argument X̃ of F (·) is used for determining the dynamic weights of pseudo-labeled
samples. Then we solve G and F in a closed form. Consider the following problem: N different
items are paired to the same N items. Obviously, there are N ! modes of pairing in total. If we
fix certain pair, we will have (N − 1)! modes of pairing left. Therefore, if we combine all N !
possible pairing modes together, we will find that any item is paired to every item (including itself)
for (N − 1)! times. Similarly, in our problem, it is easy to obtain

G(X ,θt, λ1) =
1

|X |!
∑

xi,xj∈X
(|X | − 1)!fij(θ

t, λ1) =
1

|X̃ |

∑
xi,xj∈X

fij(θ
t, λ1), (36)

where xi,xj are the original samples that can be either labeled or unlabeled. The loss of the aug-
mented sample generated by performing MixUp augmentation betweenxi andxj with λ1 is denoted
by fij(θt, λ1). In a similar way, we can obtain

F (X̃ ,X ,U ,θt, λ2) =
1

|Ũ |

∑
xi,xj∈X∪U

wtij(λ2) fij(θ
t, λ2), (37)

where wtij(λ2) is the dynamic weight determined by

wtij(λ2) =

{
1 [∇θtG(X̃ ,θt)]T [∇θtfij(θ

t, λ2)] ≥ 0

0 [∇θtG(X̃ ,θt)]T [∇θtfij(θ
t, λ2)] < 0

. (38)

Now, consider the following inequation

[∇θtG(X̃ ,θt)]T [∇θtF (X̃ , Ũ ,θt)] =
1∑|Ũ|

j=1 w
t
j

[∇θtG(X̃ ,θt)]T
 |Ũ|∑
j=1

wtj [∇θtL(ŷj , p(ũj |θt))]


(39)

≥ 1

|Ũ |
[∇θtG(X̃ ,θt)]T

 |Ũ|∑
j=1

wtj [∇θtL(ŷj , p(ũj |θt))]

 . (40)
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By taking the expectation over Ũ ∈ MixUp(W,Shuffle(W), λ2), we further obtain

E
Ũ∈MixUp(W,Shuffle(W),λ2)

[∇θtG(X̃ ,θt)]T [∇θtF (X̃ , Ũ ,θt)] (41)

≥ 1

|Ũ |
[∇θtG(X̃ ,θt)]T [∇θtF (X̃ ,X ,U ,θt, λ2)] (42)

=
1

|Ũ |2
∑

xi,xj∈X∪U
wtij(λ2) [∇θtG(X̃ ,θt)]T [∇θtfij(θ

t, λ2)] (43)

≥ 1

|Ũ |2
∑

xi,xj∈X
wtij(λ2) [∇θtG(X̃ ,θt)]T [∇θtfij(θ

t, λ2)] (44)

≥ 1

|Ũ |2
∑

xi,xj∈X
[∇θtG(X̃ ,θt)]T [∇θtfij(θ

t, λ2)] (45)

=
|X̃ |
|Ũ |2

[∇θtG(X̃ ,θt)]T [∇θtG(X ,θt, λ2)]. (46)

Then by taking the expectation over X̃ ∈ MixUp(X ,Shuffle(X ), λ1), we have

E
X̃∈MixUp(X ,Shuffle(X ),λ1)

E
Ũ∈MixUp(W,Shuffle(W),λ2)

[∇θtG(X̃ ,θt)]T [∇θtF (X̃ , Ũ ,θt)] (47)

≥ |X̃ |
|Ũ |2

[∇θtG(X ,θt, λ1)]T [∇θtG(X ,θt, λ2)]. (48)

Finally, we take the expectation over λ1, λ2 and all possible batches X ,U . Following from the
convexity of ‖·‖2, we have E(‖·‖2) ≥ ‖E(·)‖2. Therefore, we obtain

EX̃ ,Ũ [∇θtG(X̃ ,θt)]T [∇θtF (X̃ , Ũ ,θt)] ≥ |X̃ |
|Ũ |2

EX ,U‖∇θtEλG(X ,θt, λ)‖2 (49)

≥ |X̃ |
|Ũ |2
‖∇θtEX ,UEλG(X ,θt, λ)‖2 (50)

≥ |X̃ |
|Ũ |2
‖∇θtEX̃G(X̃ ,θt)‖2, (51)

where Inequality (49) is obtained as λ1, λ2 are mutually independent. Then we consider the updating
rule of the stochastic gradient descent (SGD) algorithm:

∆θ = θt+1 − θt = −αt∇θtF (X̃ , Ũ ,θt). (52)

Assume that the loss function on labeled data G(X̃ ,θt) is Lipschitz-smooth with the constant L.
Following Lemma 1, we have

G(X̃ ,θt+1) ≤ G(X̃ ,θt) + [∇θtG(X̃ ,θt)]T∆θ +
L

2
‖∆θ‖2 (53)

= G(X̃ ,θt) + αt
[

1

2
αtL‖∇θtF (X̃ , Ũ ,θt)‖2−[∇θtG(X̃ ,θt)]T [∇θtF (X̃ , Ũ ,θt)]

]
.

(54)

Take the expectation over all possible X̃ , Ũ , and thus we obtain the following inequality using As-
sumption 1 and Inequality (51):

EX̃G(X̃ ,θt+1) ≤ EX̃G(X̃ ,θt) + αt

[
1

2
αtσL− |X̃ |

|Ũ |2

]
‖∇θtEX̃G(X̃ ,θt)‖2. (55)

As αt → 0, there exists some positive constant c such that for all t greater than some index t, we
have

EX̃G(X̃ ,θt+1) ≤ EX̃G(X̃ ,θt)− αtc‖∇θtEX̃G(X̃ ,θt)‖2, ∀t ≥ t. (56)
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We see that {EX̃G(X̃ ,θt)} is monotonically decreasing for all t ≥ t. As G(·) is computed using
the cross-entropy loss over the predictions of networks, it follows EX̃G(X̃ ,θt) ≥ 0. Therefore,
{EX̃G(X̃ ,θt)} converges to a finite value. By adding Inequality (56) over all t > t, we obtain

c

∞∑
t=t

αt‖∇θtEX̃G(X̃ ,θt)‖2≤ EX̃G(X̃ ,θt)− lim
t→∞

EX̃G(X̃ ,θt) <∞. (57)

It cannot exist an ε > 0 such that ‖∇θtEX̃G(X̃ ,θt)‖2> ε for all t greater than some t̂. If so, as∑∞
t=0 α

t =∞, the left side of Inequality (57) will come to infinity. Therefor, we must have:

lim inf
t→∞

‖∇θtEX̃G(X̃ ,θt)‖= 0. (58)

In the following, we will show that lim supt→∞‖∇θtEX̃G(X̃ ,θt)‖= 0. Firstly, assume the contaary,
namely

lim sup
t→∞

‖∇θtEX̃G(X̃ ,θt)‖≥ ε > 0. (59)

Let {mj} and {nj} be the sequences of indexes such that

mj < nj < mj+1, (60)
ε

3
< ‖∇θtEX̃G(X̃ ,θt)‖, mj ≤ t < nj , (61)

‖∇θtEX̃G(X̃ ,θt)‖≤ ε

3
, nj ≤ t < mj+1. (62)

Since G(X̃ ,θt) is Lipschitz-smooth, it is easy to see that EX̃G(X̃ ,θt) is also Lipschitz-smooth.
Suppose that the corresponding Lipschitz constant is L′. Let j be a sufficiently large index such that

∞∑
t=mj

αt‖∇θtEX̃G(X̃ ,θt)‖2< ε2

9
√
σL′

. (63)

For any j ≥ j and any m with mj ≤ m ≤ nj − 1, we have

‖∇θnjEX̃G(X̃ ,θnj )−∇θmEX̃G(X̃ ,θm)‖≤
nj−1∑
t=m

‖∇θt+1EX̃G(X̃ ,θt+1)−∇θtEX̃G(X̃ ,θt)‖

(64)

≤ L′
nj−1∑
t=m

‖θt+1 − θt‖ (65)

= L′
nj−1∑
t=m

αt‖∇θtF (X̃ , Ũ ,θt)‖. (66)

By taking the expectation over X̃ , Ũ , we have

‖∇θnjEX̃G(X̃ ,θnj )−∇θmEX̃G(X̃ ,θm)‖≤ L′
nj−1∑
t=m

αtEX̃ ,Ũ‖∇θtF (X̃ , Ũ ,θt)‖ (67)

≤
√
σL′

nj−1∑
t=m

αt‖∇θtEX̃G(X̃ ,θt)‖ (68)

≤ 3
√
σL′

ε

nj−1∑
t=m

αt‖∇θtEX̃G(X̃ ,θt)‖2 (69)

≤ 3
√
σL′

ε

ε2

9
√
σL′

(70)

=
ε

3
, (71)
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where Inequality (69) follows from Inequality (61) and Inequality (68) follows from

EX̃ ,Ũ‖∇θtF (X̃ , Ũ ,θt)‖≤
√
EX̃ ,Ũ‖∇θtF (X̃ , Ũ ,θt)‖2 ≤

√
σ‖∇θtEX̃G(X̃ ,θt)‖. (72)

Thus, we have

‖∇θmEX̃G(X̃ ,θm)‖≤ ‖∇θnjEX̃G(X̃ ,θnj )‖+ ε

3
≤ 2ε

3
, ∀j ≥ j,mj ≤ m ≤ nj − 1. (73)

As the inequality holds for all m ≥ mj , we finally obtain

‖∇θmEX̃G(X̃ ,θm)‖≤ 2ε

3
, ∀m ≥ mj , (74)

which contradicts Inequality (59), implying that

lim inf
t→∞

‖∇θtEX̃G(X̃ ,θt)‖= lim sup
t→∞

‖∇θtEX̃G(X̃ ,θt)‖= 0. (75)

Therefore, we prove that limt→∞‖∇θtEX̃G(X̃ ,θt)‖= 0.

C ABLATION STUDY
Table 6: Ablation study results. We report the test
errors on CIFAR-100 with 4,000 and 10,000 labels.
The CNN-13 network is used.

Ablation
CIFAR-100 CIFAR-100
4000 labels 10000 labels

Without parameter EMA 47.68 ± 0.27% 37.15 ± 1.02%
One-hot pseudo labels 41.52 ± 0.51% 32.78 ± 0.41%
MixUp on unlabeled data only 37.69 ± 0.50% 30.56 ± 0.39%
MixUp on labeled data only 45.90 ± 0.15% 36.11 ± 0.21%
Without MixUp 46.71 ± 0.05% 35.98 ± 0.69%
Reweighting with the constant 1 40.26 ± 0.64% 32.17 ± 0.14%
Reweighting with -1 and 1 45.41 ± 0.38% 36.39 ± 0.44%
Meta-Semi 37.61 ± 0.56% 30.51 ± 0.32%
Meta-Semi + ICT 37.12 ± 0.59% 29.68 ± 0.05%

To provide additional insights into our
method, we further conduct the ablation
experiments by removing or altering the
components of Meta-Semi. The results are
shown in Table 6. It can be seen that param-
eter EMA and performing MixUp on un-
labeled data are both important techniques
to achieve high generalization performance.
The observation is consistent with (Verma
et al., 2019). In addition, if all pseudo-
labeled samples are weighted by the con-
stant 1, Meta-Semi is equivalent to a con-
sistency based algorithm, which also shows
effective performance.

D DETAILS OF EXPERIMENTS

Datasets. (1) The CIFAR-10 / CIFAR-100 datasets consist of 60,000 32x32 colored images of 10 /
100 classes, 50,000 for training and 10,000 for test. Following the common practice of SSL (Oliver
et al., 2018; Berthelot et al., 2019; Verma et al., 2019; Tarvainen & Valpola, 2017; Athiwaratkun
et al., 2019), we hold out 5k images from the training set as the validation set. Images are nor-
malized with channel means and standard deviations for pre-processing. Then data augmentation is
performed by 4x4 random translation followed by random horizontal flip (He et al., 2016; Huang
et al., 2019). On CIFAR-10, we preserve 100, 200 and 400 labels per class respectively, correspond-
ing to 1000, 2000, 4000 labeled samples in total. All other samples are unlabeled. We randomly
split the dataset for 5 times to conduct multiple experiments, and report the mean test errors as-
sociated with standard deviations. Similarly, On CIFAR-100, evaluation is performed with 40 and
100 randomly preserved labeled samples per class. (2) SVHN consists of 32x32 colored images
of digits. 73,257 images for training, 26,032 images for testing and 531,131 images for additional
training are provided. Following (Luo et al., 2018; Tarvainen & Valpola, 2017), we merely perform
random 2x2 translation to augment the training set, and hold out 1,000 images for validation. Sim-
ilar to CIFAR, we randomly preserve 500 and 1,000 labels for experiments. (3) STL-10 (Coates
et al., 2011) contains 5,000 training examples divided into 10 predefined folds with 1000 examples
each, and 100,000 unlabeled images drawn from a similar—but not identical—data distribution. All
the samples are 96x96 colored images. We use the same experimental protocol as (Berthelot et al.,
2019).

Networks. Our experiments are based on a 13-layer CNN (CNN-13) and the Wide-RestNet-28-2
(WRN-28) network. The CNN-13 network has been adopted as the standard model for experiments
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by state-of-the-art SSL algorithms (Verma et al., 2019; Tarvainen & Valpola, 2017; Athiwaratkun
et al., 2019; Miyato et al., 2018; Luo et al., 2018; Park et al., 2018). Following (Verma et al., 2019),
we remove the Gaussian noise layer and the dropout layer in the network. Other methods use these
techniques if mentioned in their original papers, which provide stronger regularization. Some recent
works adopt the WRN-28 network (Oliver et al., 2018; Berthelot et al., 2019) in their experiments.
We also implement Meta-Semi with WRN-28 to present comparisons with them.

Large Validation Set. We note that the validation set we use may be relatively large in some settings
(e.g. 5,000 for validation on CIFAR-10 with 1,000 labeled examples). However, since most prior
SSL methods do so, we simply follow them to produce comparable results with them in the paper.
On the other hand, as discussed in the sensitivity test, our method is less sensitive to the only tunable
hyper-parameter β and thus requires less validation efforts. To further demonstrate this point, we
perform a four-fold cross-validation on CNN-13 based Meta-Semi with 1,000 labeled samples on
CIFAR-10 to search for the optimal β. Our method achieves a test error of 10.96± 0.56%, which is
slightly higher than the 10.27 ± 0.66% of using addition 5,000 labeled samples for validation, but
still significantly outperforms baselines.

Training details. The CNN-13 network uses the SGD optimizer with a Nesterov momentum of
0.9. The L2 regularization coefficient is set to 1e-4, and the initial learning rate is set to 0.1. For
all experiments with CNN-13, we train the network for 600 epochs using the cosine learning rate
annealing technique (Loshchilov & Hutter, 2016; Huang et al., 2017; Verma et al., 2019). The
batch size of labeled samples and unlabeled samples are set to 25 and 75 respectively. To generate
pseudo labels for unlabeled samples, we use an exponential moving average on model parameters
with a decay rate of 0.999. For WRN-28, we adopt exactly the same training details as (Berthelot
et al., 2019) except for the batch size: we use 32 for labeled samples and 96 for unlabeled samples.
The ratio of labeled/unlabeled samples in each mini-batch is always set to 1:3 in Meta-Semi, which
consistently achieves excellent performance on the validation set, and does not need to be tuned for
the specific SSL task.

Baselines. Our method is compared with several state-of-the-art baselines including SSL algorithms
and a meta-reweighting method.

• Π-model (Laine & Aila, 2016) enforces the model predictions to remain the same when
different augmentation and dropout modes are performed.

• Temp-ensemble (Laine & Aila, 2016) attaches a soft pseudo label for each unlabeled sam-
ple by performing a moving average on the historical predictions of networks.

• Mean Teacher (MT) (Tarvainen & Valpola, 2017) establishes a teacher network by per-
forming exponential moving average on the parameters of the model, and leverages the
teacher networks to produces supervision for unlabeled data.

• Virtual Adversarial Training (VAT) (Miyato et al., 2018) adds adversarial perturbations to
the samples and enforce the model to have the same predictions on perturbed samples and
the original samples.

• Smooth Neighbors on Teacher Graphs (SNTG)(Luo et al., 2018) constructs a teacher graph
to regularize the feature distribution of unlabeled samples.

• Learning to Reweight (Ren et al., 2018b) proposes to reweight different training samples
by solving a similar meta-learning problem to us. Since their original algorithm requires
labels of all the training, we adopt a version modified for SSL in this paper. In specific,
we retain our approach of generating pseudo-labeled samples, but use their reweighting
strategy.

• MT + Fast SWA (Athiwaratkun et al., 2019) is an improved MT algorithm using a fast
stochastic weight averaging optimizer.

• Interpolation Consistency Training (ICT) (Verma et al., 2019) encourages the prediction on
an interpolation of unlabeled samples to be consistent with the interpolation of the predic-
tions on those points. They first use MixUp augmentation in deep SSL.

• MixMatch (Berthelot et al., 2019) is a holistic deep SSL approach that integrates various
dominant consistency regularization techniques.
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We implement these methods in the same codebase, and search for the best hyper-parameters for
them on the validation set according to the recommendations provided by their original papers.
Notably, for MixMatch (Berthelot et al., 2019), we fix the sharpening temperature T = 0.5 and the
number of unlabeled augmentations K = 2, and adjust the α parameter for Beta distribution and the
unsupervised loss coefficient λŨ , as suggested by the paper. We first reproduce the CIFAR-10 results
of MixMatch reported by their paper, and then tune α and λŨ on the validation set of CIFAR-100.
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