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Can SSL achieve fully-supervision’s accuracy 
using similar amount of computation?
Yes! 
How?
Select unlabeled data with time-consistent 
prediction for self-supervision.



Semi-Supervised Learning with Spatial Consistency
• Idea: Samples with similar features/embeddings have similar labels
• Previous: Label/measure propagation; manifold regularization
• More recent: The same idea inspires graphical neural networks

credit: [Iscen et al. 2019]
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Semi-Supervised Learning with Pseudo Targets
• Idea: average the model output of an unlabeled sample over multiple 

augmentations/steps; use the average as training target.
• Fit in Deep learning: encourage spatial consistency around single sample; 

working with data augmentation and inductive bias of DNNs.
• Drawbacks: can be wrong on some samples; early-stage model is poor
• In practice: select samples with high confidence, but DNNs can be over-confident.
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Contrastive loss push force
Consistency loss pull force

credit: [Brabandere et al. 2017]

Each color represent a sample and its augmentations

A Recipe of Self-Supervision on Unlabeled Data
• Consistency loss:

An unlabeled sample and its 
augmentation should have similar 
predictions.

• Contrastive loss/Triplet loss:
Different samples (and their 
augmentations) should have more
different predictions than the same
sample and its augmentations. 

• Cross Entropy loss defined on pseudo targets.
• Our SSL objective combines the three losses.
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An Example of Consistency/Contrastive Loss
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Problem of Current SSL: time-inconsistency
• The pseudo target depends on model in-training and is time-variant.
• Hence, the training objective is time-inconsistent!
• DNN is confusing itself in self-supervision.
• Possible outcomes: divergence, concept drift, catastrophic forgetting, etc.
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Self-supervision losses depend on 
pseudo targets (or model outputs), 
which should be time-consistent!



Time-Consistency (TC)
• We select unlabeled data with consistent predictions/outputs for self-

supervision in SSL by using a curriculum.

• (instantaneous) Time consistency of sample x at step-t (e.g., tth mini-batch): 
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𝑝' 𝑥 : output distribution over classes for x at step-t
𝑦' 𝑥 : predicted class for x at step-t
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Laine & Aila, 2017). For a consistency loss, the pseudo
target for an unlabeled sample can be the class distribution
of the sample’s random augmentation(s) generated by the
neural net. For a contrastive loss, we can use softmax to
normalize the similarities between a sample and a subset
of other samples (including one of its own augmentations).
The pseudo target for the softmax output has value 1 for the
sample’s augmentation and 0 for the other samples (van den
Oord et al., 2018). Although pseudo targets achieved on
data augmentations tend to be accurate, the above tech-
niques cannot guarantee time-consistent pseudo targets for
unlabeled samples. At different training stages, the output
of a neural net for a sample can change dramatically due to
the non-smoothness of activation functions, the complexity
of network structures, and sophisticated learning rate sched-
ules (Smith, 2017; Loshchilov & Hutter, 2017; Li & Arora,
2019). In such a case, when we use self-supervised losses
with varying pseudo targets for the same sample, the opti-
mization objectives may keep changing over training steps.
This inconsistency of the objective over time can consider-
ably slow down the training progress or even make it diverge,
resulting in serious concept drift and training failure.

Another common strategy for SSL is to select samples
whose predictions have high confidence. However, the con-
fidence can still change drastically over time for the same
aforementioned reason. Moreover, a neural network can
often simultaneously overconfident and incorrect on train-
ing samples. Indeed, our later empirical analysis shows
that confidence is an unreliable metric for selecting samples.
In addition, samples with high confidence tend to be less
informative to the future training since the gradient is pro-
portional to the gap between current outputs and the pseudo
target, which is small if the confidence is high.

In this paper, we study the dynamics of neural net outputs
during SSL. We analyze possible catastrophic forgetting on
labeled data caused by adding an unlabeled sample to train-
ing, from which we derive a “time-consistency (TC)” metric
ct(x) for an individual sample x at training step1 t that can
be used to select informative unlabeled data with more time-
consistent pseudo targets in self-supervision. Specifically,
ct(x) is an negative exponential moving average of at(x)
(defined below) over training history before t:

at(x) , DKL(p
t�1(x)||pt(x)) +

����log
pt�1(x)[yt�1(x)]

pt(x)[yt�1(x)]

���� ,

(1)
where DKL(·||·) is the Kullback–Leibler divergence, pt(x)
and yt(x) , argmaxy p

t
y(x) are the output distribution

over classes and the predicted class label of x at step t.
Intuitively, the KL-divergence between output distributions
measures how consistent the output is between two consec-
utive steps, while the log odds ratio for the predicted class
yt�1(x) measures the change of confidence on the predicted

1We use superscripts to index the training step in this paper.

class yt�1(x). A moving average of at(x) naturally cap-
tures inconsistency over time quantify, based on the history,
how much change will occur to the learning objective when
selecting x and its pseudo target for future training.

We then present an empirical study of TC for unlabeled
data selection and compare this with using confidence.
We artificially split a fully labeled dataset into labeled
and unlabeled subsets, and train a neural net by only
using the labeled set. We observe that the model tends to
produce consistent outputs on some unlabeled samples but
frequently changes its prediction on others. We further find
that the time-consistent outputs (the former) are usually
correct predictions while the latter contains more mistakes.
The observations lead us to a natural curriculum for SSL
that selects unlabeled samples with higher TC at each
training step while gradually increasing the selection budget.
We then introduce “TC-SSL” that adopts the curriculum
to train a neural net by minimizing the consistency loss and
contrastive loss defined on augmentations of unlabeled sam-
ples (using learned policies of AutoAugment (Cubuk et al.,
2019a)). In experiments, we show that TC-SSL outperforms
the very recent MixMatch and other SSL approaches on
three datasets (CIFAR10, CIFAR100, and STL10) under var-
ious labeled-unlabeled splittings and significantly improves
SSL efficiency, i.e., consistently using < 20% training
batches of what the best baseline needs. These results
portend well for TC-SSL as a modern SSL methodology.

1.1 Related Work

Classic SSL methods enforce samples to have similar label
distributions in every local region of the data manifold —
this approach is taken by label/measure propagation (Zhu &
Ghahramani, 2002; Zhu et al., 2003; Zhou et al., 2003; Sub-
ramanya & Bilmes, 2011; Bengio et al., 2006; Iscen et al.,
2019) and manifold regularization (Niyogi, 2013; Belkin &
Niyogi, 2002). They rely on similarity measures between
samples to find the local neighborhood for every sample.
One can think of these methods as encouragements of “spa-
tial consistency”. It is not always clear, however, how to
determine sample pair similarity for a given data set and
model. E.g., which feature space do we compute the sim-
ilarity in? What similarity metric performs best? Recently,
graph neural net (GNN) based methods (Kipf & Welling,
2017; Veličković et al., 2018; Verma et al., 2019b) can apply
graph-based SSL on neural net architectures and gets com-
pelling performance on SSL of graph data. The data in these
works consists of natural graph structures, while on arbitrary
data, generating the graph is itself a challenging problem.

Recent SSL research encourages spatial consistency by com-
bining data augmentation techniques and self-supervised
losses. In (Rasmus et al., 2015; Sajjadi et al., 2016), the
authors propose “consistency regularization” to encourage
the sample and its augmentations to have similar neural net



• (instantaneous) Time consistency of x at step-t: 

• 1st term: KL-divergence between the predictions at step t and t-1.
• 2nd term: change of confidence on the predicted class between step t

and t – 1.

Time-Consistency (TC)
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o 𝑦! 𝑥 = argmax
"
𝑝! 𝑥 [𝑖] , i. e., the class with the highest probability. 
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Laine & Aila, 2017). For a consistency loss, the pseudo
target for an unlabeled sample can be the class distribution
of the sample’s random augmentation(s) generated by the
neural net. For a contrastive loss, we can use softmax to
normalize the similarities between a sample and a subset
of other samples (including one of its own augmentations).
The pseudo target for the softmax output has value 1 for the
sample’s augmentation and 0 for the other samples (van den
Oord et al., 2018). Although pseudo targets achieved on
data augmentations tend to be accurate, the above tech-
niques cannot guarantee time-consistent pseudo targets for
unlabeled samples. At different training stages, the output
of a neural net for a sample can change dramatically due to
the non-smoothness of activation functions, the complexity
of network structures, and sophisticated learning rate sched-
ules (Smith, 2017; Loshchilov & Hutter, 2017; Li & Arora,
2019). In such a case, when we use self-supervised losses
with varying pseudo targets for the same sample, the opti-
mization objectives may keep changing over training steps.
This inconsistency of the objective over time can consider-
ably slow down the training progress or even make it diverge,
resulting in serious concept drift and training failure.

Another common strategy for SSL is to select samples
whose predictions have high confidence. However, the con-
fidence can still change drastically over time for the same
aforementioned reason. Moreover, a neural network can
often simultaneously overconfident and incorrect on train-
ing samples. Indeed, our later empirical analysis shows
that confidence is an unreliable metric for selecting samples.
In addition, samples with high confidence tend to be less
informative to the future training since the gradient is pro-
portional to the gap between current outputs and the pseudo
target, which is small if the confidence is high.

In this paper, we study the dynamics of neural net outputs
during SSL. We analyze possible catastrophic forgetting on
labeled data caused by adding an unlabeled sample to train-
ing, from which we derive a “time-consistency (TC)” metric
ct(x) for an individual sample x at training step1 t that can
be used to select informative unlabeled data with more time-
consistent pseudo targets in self-supervision. Specifically,
ct(x) is an negative exponential moving average of at(x)
(defined below) over training history before t:

at(x) , DKL(p
t�1(x)||pt(x)) +

����log
pt�1(x)[yt�1(x)]

pt(x)[yt�1(x)]

���� ,

(1)
where DKL(·||·) is the Kullback–Leibler divergence, pt(x)
and yt(x) , argmaxy p

t
y(x) are the output distribution

over classes and the predicted class label of x at step t.
Intuitively, the KL-divergence between output distributions
measures how consistent the output is between two consec-
utive steps, while the log odds ratio for the predicted class
yt�1(x) measures the change of confidence on the predicted

1We use superscripts to index the training step in this paper.

class yt�1(x). A moving average of at(x) naturally cap-
tures inconsistency over time quantify, based on the history,
how much change will occur to the learning objective when
selecting x and its pseudo target for future training.

We then present an empirical study of TC for unlabeled
data selection and compare this with using confidence.
We artificially split a fully labeled dataset into labeled
and unlabeled subsets, and train a neural net by only
using the labeled set. We observe that the model tends to
produce consistent outputs on some unlabeled samples but
frequently changes its prediction on others. We further find
that the time-consistent outputs (the former) are usually
correct predictions while the latter contains more mistakes.
The observations lead us to a natural curriculum for SSL
that selects unlabeled samples with higher TC at each
training step while gradually increasing the selection budget.
We then introduce “TC-SSL” that adopts the curriculum
to train a neural net by minimizing the consistency loss and
contrastive loss defined on augmentations of unlabeled sam-
ples (using learned policies of AutoAugment (Cubuk et al.,
2019a)). In experiments, we show that TC-SSL outperforms
the very recent MixMatch and other SSL approaches on
three datasets (CIFAR10, CIFAR100, and STL10) under var-
ious labeled-unlabeled splittings and significantly improves
SSL efficiency, i.e., consistently using < 20% training
batches of what the best baseline needs. These results
portend well for TC-SSL as a modern SSL methodology.

1.1 Related Work

Classic SSL methods enforce samples to have similar label
distributions in every local region of the data manifold —
this approach is taken by label/measure propagation (Zhu &
Ghahramani, 2002; Zhu et al., 2003; Zhou et al., 2003; Sub-
ramanya & Bilmes, 2011; Bengio et al., 2006; Iscen et al.,
2019) and manifold regularization (Niyogi, 2013; Belkin &
Niyogi, 2002). They rely on similarity measures between
samples to find the local neighborhood for every sample.
One can think of these methods as encouragements of “spa-
tial consistency”. It is not always clear, however, how to
determine sample pair similarity for a given data set and
model. E.g., which feature space do we compute the sim-
ilarity in? What similarity metric performs best? Recently,
graph neural net (GNN) based methods (Kipf & Welling,
2017; Veličković et al., 2018; Verma et al., 2019b) can apply
graph-based SSL on neural net architectures and gets com-
pelling performance on SSL of graph data. The data in these
works consists of natural graph structures, while on arbitrary
data, generating the graph is itself a challenging problem.

Recent SSL research encourages spatial consistency by com-
bining data augmentation techniques and self-supervised
losses. In (Rasmus et al., 2015; Sajjadi et al., 2016), the
authors propose “consistency regularization” to encourage
the sample and its augmentations to have similar neural net



• (instantaneous) Time consistency of x at step-t: 

• 1st term: KL-divergence between the predictions at step t and t-1.
• 2nd term: change of confidence on the predicted class between step t

and t – 1.

Time-Consistency (TC)
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Laine & Aila, 2017). For a consistency loss, the pseudo
target for an unlabeled sample can be the class distribution
of the sample’s random augmentation(s) generated by the
neural net. For a contrastive loss, we can use softmax to
normalize the similarities between a sample and a subset
of other samples (including one of its own augmentations).
The pseudo target for the softmax output has value 1 for the
sample’s augmentation and 0 for the other samples (van den
Oord et al., 2018). Although pseudo targets achieved on
data augmentations tend to be accurate, the above tech-
niques cannot guarantee time-consistent pseudo targets for
unlabeled samples. At different training stages, the output
of a neural net for a sample can change dramatically due to
the non-smoothness of activation functions, the complexity
of network structures, and sophisticated learning rate sched-
ules (Smith, 2017; Loshchilov & Hutter, 2017; Li & Arora,
2019). In such a case, when we use self-supervised losses
with varying pseudo targets for the same sample, the opti-
mization objectives may keep changing over training steps.
This inconsistency of the objective over time can consider-
ably slow down the training progress or even make it diverge,
resulting in serious concept drift and training failure.

Another common strategy for SSL is to select samples
whose predictions have high confidence. However, the con-
fidence can still change drastically over time for the same
aforementioned reason. Moreover, a neural network can
often simultaneously overconfident and incorrect on train-
ing samples. Indeed, our later empirical analysis shows
that confidence is an unreliable metric for selecting samples.
In addition, samples with high confidence tend to be less
informative to the future training since the gradient is pro-
portional to the gap between current outputs and the pseudo
target, which is small if the confidence is high.

In this paper, we study the dynamics of neural net outputs
during SSL. We analyze possible catastrophic forgetting on
labeled data caused by adding an unlabeled sample to train-
ing, from which we derive a “time-consistency (TC)” metric
ct(x) for an individual sample x at training step1 t that can
be used to select informative unlabeled data with more time-
consistent pseudo targets in self-supervision. Specifically,
ct(x) is an negative exponential moving average of at(x)
(defined below) over training history before t:

at(x) , DKL(p
t�1(x)||pt(x)) +

����log
pt�1(x)[yt�1(x)]

pt(x)[yt�1(x)]

���� ,

(1)
where DKL(·||·) is the Kullback–Leibler divergence, pt(x)
and yt(x) , argmaxy p

t
y(x) are the output distribution

over classes and the predicted class label of x at step t.
Intuitively, the KL-divergence between output distributions
measures how consistent the output is between two consec-
utive steps, while the log odds ratio for the predicted class
yt�1(x) measures the change of confidence on the predicted

1We use superscripts to index the training step in this paper.

class yt�1(x). A moving average of at(x) naturally cap-
tures inconsistency over time quantify, based on the history,
how much change will occur to the learning objective when
selecting x and its pseudo target for future training.

We then present an empirical study of TC for unlabeled
data selection and compare this with using confidence.
We artificially split a fully labeled dataset into labeled
and unlabeled subsets, and train a neural net by only
using the labeled set. We observe that the model tends to
produce consistent outputs on some unlabeled samples but
frequently changes its prediction on others. We further find
that the time-consistent outputs (the former) are usually
correct predictions while the latter contains more mistakes.
The observations lead us to a natural curriculum for SSL
that selects unlabeled samples with higher TC at each
training step while gradually increasing the selection budget.
We then introduce “TC-SSL” that adopts the curriculum
to train a neural net by minimizing the consistency loss and
contrastive loss defined on augmentations of unlabeled sam-
ples (using learned policies of AutoAugment (Cubuk et al.,
2019a)). In experiments, we show that TC-SSL outperforms
the very recent MixMatch and other SSL approaches on
three datasets (CIFAR10, CIFAR100, and STL10) under var-
ious labeled-unlabeled splittings and significantly improves
SSL efficiency, i.e., consistently using < 20% training
batches of what the best baseline needs. These results
portend well for TC-SSL as a modern SSL methodology.

1.1 Related Work

Classic SSL methods enforce samples to have similar label
distributions in every local region of the data manifold —
this approach is taken by label/measure propagation (Zhu &
Ghahramani, 2002; Zhu et al., 2003; Zhou et al., 2003; Sub-
ramanya & Bilmes, 2011; Bengio et al., 2006; Iscen et al.,
2019) and manifold regularization (Niyogi, 2013; Belkin &
Niyogi, 2002). They rely on similarity measures between
samples to find the local neighborhood for every sample.
One can think of these methods as encouragements of “spa-
tial consistency”. It is not always clear, however, how to
determine sample pair similarity for a given data set and
model. E.g., which feature space do we compute the sim-
ilarity in? What similarity metric performs best? Recently,
graph neural net (GNN) based methods (Kipf & Welling,
2017; Veličković et al., 2018; Verma et al., 2019b) can apply
graph-based SSL on neural net architectures and gets com-
pelling performance on SSL of graph data. The data in these
works consists of natural graph structures, while on arbitrary
data, generating the graph is itself a challenging problem.

Recent SSL research encourages spatial consistency by com-
bining data augmentation techniques and self-supervised
losses. In (Rasmus et al., 2015; Sajjadi et al., 2016), the
authors propose “consistency regularization” to encourage
the sample and its augmentations to have similar neural net

o 𝑦! 𝑥 = argmax
"
𝑝! 𝑥 [𝑖] , i. e., the class with the highest probability. 



Time-Consistency (TC)
• (instantaneous) Time consistency of x at step-t: 

• Time Consistency (TC): smooth −𝑎' 𝑥 by exponential moving 
average over time steps:
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Laine & Aila, 2017). For a consistency loss, the pseudo
target for an unlabeled sample can be the class distribution
of the sample’s random augmentation(s) generated by the
neural net. For a contrastive loss, we can use softmax to
normalize the similarities between a sample and a subset
of other samples (including one of its own augmentations).
The pseudo target for the softmax output has value 1 for the
sample’s augmentation and 0 for the other samples (van den
Oord et al., 2018). Although pseudo targets achieved on
data augmentations tend to be accurate, the above tech-
niques cannot guarantee time-consistent pseudo targets for
unlabeled samples. At different training stages, the output
of a neural net for a sample can change dramatically due to
the non-smoothness of activation functions, the complexity
of network structures, and sophisticated learning rate sched-
ules (Smith, 2017; Loshchilov & Hutter, 2017; Li & Arora,
2019). In such a case, when we use self-supervised losses
with varying pseudo targets for the same sample, the opti-
mization objectives may keep changing over training steps.
This inconsistency of the objective over time can consider-
ably slow down the training progress or even make it diverge,
resulting in serious concept drift and training failure.

Another common strategy for SSL is to select samples
whose predictions have high confidence. However, the con-
fidence can still change drastically over time for the same
aforementioned reason. Moreover, a neural network can
often simultaneously overconfident and incorrect on train-
ing samples. Indeed, our later empirical analysis shows
that confidence is an unreliable metric for selecting samples.
In addition, samples with high confidence tend to be less
informative to the future training since the gradient is pro-
portional to the gap between current outputs and the pseudo
target, which is small if the confidence is high.

In this paper, we study the dynamics of neural net outputs
during SSL. We analyze possible catastrophic forgetting on
labeled data caused by adding an unlabeled sample to train-
ing, from which we derive a “time-consistency (TC)” metric
ct(x) for an individual sample x at training step1 t that can
be used to select informative unlabeled data with more time-
consistent pseudo targets in self-supervision. Specifically,
ct(x) is an negative exponential moving average of at(x)
(defined below) over training history before t:

at(x) , DKL(p
t�1(x)||pt(x)) +

����log
pt�1(x)[yt�1(x)]

pt(x)[yt�1(x)]

���� ,

(1)
where DKL(·||·) is the Kullback–Leibler divergence, pt(x)
and yt(x) , argmaxy p

t
y(x) are the output distribution

over classes and the predicted class label of x at step t.
Intuitively, the KL-divergence between output distributions
measures how consistent the output is between two consec-
utive steps, while the log odds ratio for the predicted class
yt�1(x) measures the change of confidence on the predicted

1We use superscripts to index the training step in this paper.

class yt�1(x). A moving average of at(x) naturally cap-
tures inconsistency over time quantify, based on the history,
how much change will occur to the learning objective when
selecting x and its pseudo target for future training.

We then present an empirical study of TC for unlabeled
data selection and compare this with using confidence.
We artificially split a fully labeled dataset into labeled
and unlabeled subsets, and train a neural net by only
using the labeled set. We observe that the model tends to
produce consistent outputs on some unlabeled samples but
frequently changes its prediction on others. We further find
that the time-consistent outputs (the former) are usually
correct predictions while the latter contains more mistakes.
The observations lead us to a natural curriculum for SSL
that selects unlabeled samples with higher TC at each
training step while gradually increasing the selection budget.
We then introduce “TC-SSL” that adopts the curriculum
to train a neural net by minimizing the consistency loss and
contrastive loss defined on augmentations of unlabeled sam-
ples (using learned policies of AutoAugment (Cubuk et al.,
2019a)). In experiments, we show that TC-SSL outperforms
the very recent MixMatch and other SSL approaches on
three datasets (CIFAR10, CIFAR100, and STL10) under var-
ious labeled-unlabeled splittings and significantly improves
SSL efficiency, i.e., consistently using < 20% training
batches of what the best baseline needs. These results
portend well for TC-SSL as a modern SSL methodology.

1.1 Related Work

Classic SSL methods enforce samples to have similar label
distributions in every local region of the data manifold —
this approach is taken by label/measure propagation (Zhu &
Ghahramani, 2002; Zhu et al., 2003; Zhou et al., 2003; Sub-
ramanya & Bilmes, 2011; Bengio et al., 2006; Iscen et al.,
2019) and manifold regularization (Niyogi, 2013; Belkin &
Niyogi, 2002). They rely on similarity measures between
samples to find the local neighborhood for every sample.
One can think of these methods as encouragements of “spa-
tial consistency”. It is not always clear, however, how to
determine sample pair similarity for a given data set and
model. E.g., which feature space do we compute the sim-
ilarity in? What similarity metric performs best? Recently,
graph neural net (GNN) based methods (Kipf & Welling,
2017; Veličković et al., 2018; Verma et al., 2019b) can apply
graph-based SSL on neural net architectures and gets com-
pelling performance on SSL of graph data. The data in these
works consists of natural graph structures, while on arbitrary
data, generating the graph is itself a challenging problem.

Recent SSL research encourages spatial consistency by com-
bining data augmentation techniques and self-supervised
losses. In (Rasmus et al., 2015; Sajjadi et al., 2016), the
authors propose “consistency regularization” to encourage
the sample and its augmentations to have similar neural net



Time-Consistency relates to
Catastrophic Forgetting in Training Dynamics
• 𝑎! 𝑥′ is an upper-bound on the forgetfulness of catastrophic forgetting on 

labeled data if adding an unlabeled sampel 𝑥′ and its pseudo targets to training:

o ℓ 𝑥; 𝜃 : loss of model 𝜃 on sample x; 
o Assume	the	loss	on	labeled	data	L is	close	to	0	after	warm-starting	epochs,	i.e.,	∑!∈# ℓ 𝑥; 𝜃$ ≈ 0.
o 𝜃$: model-at-step-t updated by labeled data; 
o H𝜃$: model-at-step-t updated by labeled data + 𝑥′; 

• A small 𝑎! 𝑥′ means adding 𝑥′ and its pseudo target to training does not cause 
forgetting of labeled data (and previously trained unlabeled-data).
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Empirical Evidence of Time Consistency

Computed time-consistency and confidence at epoch 100 of training WideResNet-28-2. The x-axis 
shows the validation samples selected using different thresholds on the two metrics (normalized to 
[0, 100]). The y-axis reports correct v.s. incorrect predictions over the selected samples. 

• Split CIFAR10 training set into two subsets of 15000 and 35000 samples.
• Train WideResNet-18-2 on the 15000 samples, test it on the 35000 samples.
• Time consistency performs better than confidence in identifying the 

unlabeled samples correctly predicted by the current model.
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Persistence of Time Consistency

• Computed time-consistency 
(top) and confidence (bot- tom) 
at epoch 100 of training 
WideResNet-28-2 on CIFAR10.

• Select the top 1000 and bottom 
1000 validation samples based 
on the two metrics. 

• Compare the moving average of 
true class probability of the 
selected samples across epochs. 

• Time consistency performs better in predicting the future dynamics, i.e., 
it identifies samples whose predictions stay correct stably in the future.
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TC-SSL Algorithm

16

• In each step, select unlabeled samples with 
large time-consistency and optimize our SSL 
objective on them.

• Add warm-start epochs and apply exponential 
weighted sampling to encourage exploration in 
early stages.

• Remove samples with extremely high 
confidence since they contribute nearly zero 
gradients.

• Follow previous works: Mix-Up, sharpen 
predicted probability as pseudo target, 
duplicate labeled data to similar amount of 
selected unlabeled data, etc.

Time-Consistent Self-Supervision for Semi-Supervised Learning

Algorithm 1 Time-Consistent SSL (TC-SSL)
1: input: U ,L,⇡(·; ⌘), ⌘1:T , f(·; ✓), G(·);
2: hyperparameters: T0, T,�cs,�ct,�ce, �✓, �c, �k;
3: initialize: ✓0, k1;
4: for t 2 {1, · · · , T} do

5: if t  T0 then

6: ✓t  ✓t�1+⇡
⇣P

(x,y)2Lr✓`ce(x, y; ✓t�1); ⌘t
⌘

7: else

8: St = argmaxS:S✓U,|S|=kt

P
x2S ct(x) or

9: Draw kt samples from Pr(x 2 St) / exp(ct(x));
10: ✓t  ✓t�1 + ⇡

�
r✓Lt(✓t�1); ⌘t

�
(ref. Eq. (11));

11: end if

12: pt(x) exp(f(x;✓t)[y])PC
y0=1

exp(f(x;✓t)[y0])
, 8y 2 [C], x 2 U ;

13: if t = 1 then

14: ✓t  ✓t, ct(x) 0, 8x 2 U
15: else

16: Compute at(x) (ref. Eq (1)), 8x 2 U ;
17: end if

18: ct+1(x) �c(�at(x))+(1��c)ct�1(x), 8x 2 U ;
19: ✓t+1  �✓✓t + (1� �✓)✓t;
20: kt+1  (1 + �k)⇥ kt;
21: end for

Since the TC ct(x) is an accumulated statistic over multiple
time steps, we need a sufficiently long horizon to estimate
it accurately and stably before using. Moreover, the change
of neural net outputs on a sample in a single step can be
easily perturbed by SGD randomness, the learning rate
change, and neural net weight changes during early training.
Therefore, we apply T0 warm starting epochs (line-6) that
train the neural net using only the labeled data before se-
lecting any unlabeled data for self-supervision. In addition,
there may be fewer time-consistent unlabeled samples in
earlier stages without sufficient training. As more training
occurs with consistent targets, the neural nets’ accuracy
and confidence improve, and we expect an increase in the
number of time-consistent samples. Hence, over the course
of training, we gradually increase the number of unlabeled
samples selected into St (line-20). This yields a curriculum
for SSL that in early stages effective saves computation and
avoids perturbation caused by inconsistent unlabeled data,
and in later stages fully explores the information brought
by the reserve of unlabeled data.

In MixMatch (Berthelot et al., 2019) and MixUp (Zhang
et al., 2018), augmentation over unlabeled and labeled data
can significantly improve SSL performance. One possible
reason is that minimizing the self-supervised loss on linear
interpolations between two samples enforces the local
consistency and smoothness over larger regions of the data
manifold. In TC-SSL, after single-sample augmentation
(if any), we apply standard MixUp between all training
samples in U [ L, but only use the resulted MixUp samples

in cross entropy loss, i.e., Eq. (9) and Eq. (10). Unlike
MixMatch, we do not need to modify MixUp and simply
treat each unlabeled sample as labeled with a pseudo class
when mixing its target with another (labeled or unlabeled)
sample. For the two self-supervised losses, we still use the
single-sample augmentations before MixUp because: (1)
the consistency loss already uses a soft pseudo label but
MixUp further reduces its entropy; and (2) the contrastive
loss aims to discriminate different samples but replacing
them with their interpolations will weaken the effect.

3.3 Practical aspects that further improve TC-SSL

Calibrate the time-consistency by the learning rate:

Since the learning rate ⌘t can change over time, and large
learning rates lead to greater changes on model outputs,
the scales of at(x) might change accordingly. Hence, we
calibrate at(x) (via at(x) at(x)/⌘t) before using it.

Exponential weight for exploration-exploitation trade-

off: During early training, the weighted sampling in line-9
of Algorithm 1 usually works better than selecting the top-
kt samples (line-8) since the randomness avoids selecting
the same samples repeatedly and encourages exploration
of new unlabeled data, whose TC might be improved once
being trained. In practice, we can achieve a better trade-off
between exploration and exploitation by using similar tech-
niques to Exp3 (Auer et al., 2003), i.e., instead of applying
line-8 or line-9, we sample St according to a smoothed prob-
ability Pr(x 2 St) / exp(

p
2 log |U|/|U|⇥ ct(x)) and then

re-scale at(x) for all selected x 2 St by their probability of
being selected, i.e., at(x) at(x)/Pr(x 2 St). Thereby,
x with smaller probability will get more of a chance to be
selected in the future.

Decrease the entropy of pseudo target: Following
(Grandvalet & Bengio, 2005; Miyato et al., 2019; Berth-
elot et al., 2019; Lee, 2013), we also decrease the entropy
of pseudo target distribution in the contrastive loss by mul-
tiplying a temperature parameter ⌫ > 1 2 to the quantities
inside the exponential in Eq. (8).

Prune St
using the confidence statistics on a validation

set: Although TC is a better metric than confidence for
unlabeled data selection, confidence is still not useless. For
instance, it is not efficient to train models with unlabeled
samples of either extremely high or low confidence since
the former contributes very small gradients while the latter’s
pseudo target suffers from high entropy. Therefore, we
remove them from St by applying two thresholds computed
on a validation set, which are the b%-percentile and (100�
b)%-percentile of the confidence computed on the validation
set 3. We do not use the statistics on training set U [L since
the model can be over-confident on samples being trained.

2e.g., we use ⌫ = 10 in all experiments.
3e.g., we use b = 10 in experiments
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• TC-SSL produces a curriculum of 
unlabeled data whose pseudo 
targets are of high precision 
and recall throughout the 
course of training;

• TC-SSL gradually increase the 
use of unlabeled data rather 
than adding all of them to 
training at the very beginning.



Experimental Results
• TC-SSL achieves SOTA performance on CIFAR10, CIFAR100, STL10 of 

different labeled/unlabeled splittings (more results in paper).
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Table 1. Test error rate (mean±variance) of SSL methods training a small WideResNet and a large WideResNet on CIFAR10. Baselines:
Pseudo Label (Lee, 2013), ⇧-model (Sajjadi et al., 2016), VAT (Miyato et al., 2019), Mean Teacher (Tarvainen & Valpola, 2017),
MixMatch (Berthelot et al., 2019), ReMixMatch (Berthelot et al., 2020).

Benchmark CIFAR10 (small WideResNet-28-2) CIFAR10 (large WideResNet-28-135)

labeled/unlabeled 500/44500 1000/44000 2000/43000 4000/41000 500/44500 1000/44000 2000/43000 4000/41000

Pseudo Label 40.55± 1.70 30.91± 1.73 21.96± 0.42 16.21± 0.11 - - - -
⇧-model 41.82± 1.52 31.53± 0.98 23.07± 0.66 5.70± 0.13 - - - -
VAT 26.11± 1.52 18.68± 0.40 14.40± 0.15 11.05± 0.31 - - - -
Mean Teacher 42.01± 5.86 17.32± 4.00 12.17± 0.22 10.36± 0.25 - - - -
MixMatch 9.65± 0.94 7.75± 0.32 7.03± 0.15 6.24± 0.06 8.44± 1.04 7.38± 0.63 6.51± 0.48 5.12± 0.31
ReMixMatch - 5.73± 0.16 - 5.14± 0.04 - - - -
TC-SSL (ours) 9.14± 0.88 6.15± 0.23 5.85± 0.10 5.07± 0.05 6.04± 0.39 3.81± 0.19 3.79± 0.21 3.54± 0.06

Table 2. Test error rate (mean±variance) of SSL methods train-
ing WideResNet-28-135 on CIFAR100. Baselines: SWA (Athi-
waratkun et al., 2019), MixMatch (Berthelot et al., 2019).
Benchmark CIFAR100 (WideResNet-28-135)

labeled/unlabeled 2500/42500 5000/40000 10000/35000

SWA - - 28.80
MixMatch 44.20± 1.18 34.62± 0.63 25.88± 0.30
TC-SSL (ours) 31.95± 0.55 26.98± 0.51 22.10± 0.37

Table 4. Ablation Study: test error rate (mean±variance) of TC-
SSL variants training a large WideResNet (WideResNet-28-135)
on CIFAR10: “no consistency” is TC-SSL without consistency
loss in Eq. (7); “no contrastive” is TC-SSL without contrastive loss
in Eq. (8); “no PseudoLabel” is TC-SSL without cross entropy loss
for unlabeled data in Eq. (10); “no TC-selection” replaces Line
8-9 of Algorithm 1 with uniform sampling.
labeled/unlabeled 500/44500 1000/44000 2000/43000 4000/41000

TC-SSL (ours) 6.04 ± 0.39 3.81 ± 0.19 3.79 ± 0.21 3.54 ± 0.06
TC-SSL (no consistency) 7.51 ± 0.56 5.31 ± 0.23 3.82 ± 0.20 3.58 ± 0.06
TC-SSL (no contrastive) 7.56 ± 0.52 5.35 ± 0.28 3.96 ± 0.25 3.66 ± 0.08
TC-SSL (no PseudoLabel) 41.05 ± 2.32 23.64 ± 1.17 14.37 ± 0.69 9.87 ± 0.22
TC-SSL (no TC-selection) 12.25 ± 0.81 6.39 ± 0.44 4.68 ± 0.35 4.05 ± 0.13

significant improvements. In Table 4, we further present
a thorough ablation study that separately verifies the
improvement caused by each component of TC-SSL.

Since the recent MixMatch achieves much better perfor-
mance than the SSL methods prior to it, we present a more
detailed comparison to it in Figure 4 by using the Pytorch
re-implementation of MixMatch aforementioned. We use
the number of mini-batches for training in the two methods
as an approximate metric of their training costs since the for-
ward and back-propagation on them dominates the incurred
computation. Since TC-SSL uses batch size of 128 while
MixMatch uses 64, we divide the number of training batches
in MixMatch by 2. The comparison shows TC-SSL’s sig-
nificant advantage in learning efficiency, e.g., it achieves
higher test accuracy much earlier than MixMatch. This is
because that TC-SSL selects the most time-consistent unla-
beled samples that are more informative and less harmful
to the training, where the selection is guided by an efficient
curriculum. In contrast, MixMatch uses all the unlabeled
samples since the beginning, which might introduce wrong

training signals and noise, especially during earlier stages,
and thus slow down the growth of test accuracy.

Figure 4. Test accuracy (%) during training small/large WideRes-
Net by MixMatch and TC-SSL on four splittings of CIFAR10.

Conclusions We derive a metric for time-consistency
(TC) of model outputs on unlabeled data by an analysis of
SSL dynamics, and empirically verify its advantage in identi-
fying correctly predicted unlabeled data for self-supervision.
We then propose a novel SSL objective combining con-
sistency and contrastive losses and a curriculum learning
scheme that optimizes the objective on time-consistent sam-
ples. Our approach achieves SOTA performance on three
SSL benckmarks and considerably improves the efficiency.
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Table 1. Test error rate (mean±variance) of SSL methods training a small WideResNet and a large WideResNet on CIFAR10. Baselines:
Pseudo Label (Lee, 2013), ⇧-model (Sajjadi et al., 2016), VAT (Miyato et al., 2019), Mean Teacher (Tarvainen & Valpola, 2017),
MixMatch (Berthelot et al., 2019), ReMixMatch (Berthelot et al., 2020).

Benchmark CIFAR10 (small WideResNet-28-2) CIFAR10 (large WideResNet-28-135)

labeled/unlabeled 500/44500 1000/44000 2000/43000 4000/41000 500/44500 1000/44000 2000/43000 4000/41000

Pseudo Label 40.55± 1.70 30.91± 1.73 21.96± 0.42 16.21± 0.11 - - - -
⇧-model 41.82± 1.52 31.53± 0.98 23.07± 0.66 5.70± 0.13 - - - -
VAT 26.11± 1.52 18.68± 0.40 14.40± 0.15 11.05± 0.31 - - - -
Mean Teacher 42.01± 5.86 17.32± 4.00 12.17± 0.22 10.36± 0.25 - - - -
MixMatch 9.65± 0.94 7.75± 0.32 7.03± 0.15 6.24± 0.06 8.44± 1.04 7.38± 0.63 6.51± 0.48 5.12± 0.31
ReMixMatch - 5.73± 0.16 - 5.14± 0.04 - - - -
TC-SSL (ours) 9.14± 0.88 6.15± 0.23 5.85± 0.10 5.07± 0.05 6.04± 0.39 3.81± 0.19 3.79± 0.21 3.54± 0.06

Table 2. Test error rate (mean±variance) of SSL methods train-
ing WideResNet-28-135 on CIFAR100. Baselines: SWA (Athi-
waratkun et al., 2019), MixMatch (Berthelot et al., 2019).
Benchmark CIFAR100 (WideResNet-28-135)

labeled/unlabeled 2500/42500 5000/40000 10000/35000

SWA - - 28.80
MixMatch 44.20± 1.18 34.62± 0.63 25.88± 0.30
TC-SSL (ours) 31.95± 0.55 26.98± 0.51 22.10± 0.37

Table 4. Ablation Study: test error rate (mean±variance) of TC-
SSL variants training a large WideResNet (WideResNet-28-135)
on CIFAR10: “no consistency” is TC-SSL without consistency
loss in Eq. (7); “no contrastive” is TC-SSL without contrastive loss
in Eq. (8); “no PseudoLabel” is TC-SSL without cross entropy loss
for unlabeled data in Eq. (10); “no TC-selection” replaces Line
8-9 of Algorithm 1 with uniform sampling.
labeled/unlabeled 500/44500 1000/44000 2000/43000 4000/41000

TC-SSL (ours) 6.04 ± 0.39 3.81 ± 0.19 3.79 ± 0.21 3.54 ± 0.06
TC-SSL (no consistency) 7.51 ± 0.56 5.31 ± 0.23 3.82 ± 0.20 3.58 ± 0.06
TC-SSL (no contrastive) 7.56 ± 0.52 5.35 ± 0.28 3.96 ± 0.25 3.66 ± 0.08
TC-SSL (no PseudoLabel) 41.05 ± 2.32 23.64 ± 1.17 14.37 ± 0.69 9.87 ± 0.22
TC-SSL (no TC-selection) 12.25 ± 0.81 6.39 ± 0.44 4.68 ± 0.35 4.05 ± 0.13

significant improvements. In Table 4, we further present
a thorough ablation study that separately verifies the
improvement caused by each component of TC-SSL.

Since the recent MixMatch achieves much better perfor-
mance than the SSL methods prior to it, we present a more
detailed comparison to it in Figure 4 by using the Pytorch
re-implementation of MixMatch aforementioned. We use
the number of mini-batches for training in the two methods
as an approximate metric of their training costs since the for-
ward and back-propagation on them dominates the incurred
computation. Since TC-SSL uses batch size of 128 while
MixMatch uses 64, we divide the number of training batches
in MixMatch by 2. The comparison shows TC-SSL’s sig-
nificant advantage in learning efficiency, e.g., it achieves
higher test accuracy much earlier than MixMatch. This is
because that TC-SSL selects the most time-consistent unla-
beled samples that are more informative and less harmful
to the training, where the selection is guided by an efficient
curriculum. In contrast, MixMatch uses all the unlabeled
samples since the beginning, which might introduce wrong

training signals and noise, especially during earlier stages,
and thus slow down the growth of test accuracy.

Figure 4. Test accuracy (%) during training small/large WideRes-
Net by MixMatch and TC-SSL on four splittings of CIFAR10.

Conclusions We derive a metric for time-consistency
(TC) of model outputs on unlabeled data by an analysis of
SSL dynamics, and empirically verify its advantage in identi-
fying correctly predicted unlabeled data for self-supervision.
We then propose a novel SSL objective combining con-
sistency and contrastive losses and a curriculum learning
scheme that optimizes the objective on time-consistent sam-
ples. Our approach achieves SOTA performance on three
SSL benckmarks and considerably improves the efficiency.
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• TC-SSL significantly improves SSL efficiency.
• It achieves high accuracy using much fewer but more informative and 

time-consistent training batches with more accurate pseudo targets.
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Table 1. Test error rate (mean±variance) of SSL methods training a small WideResNet and a large WideResNet on CIFAR10. Baselines:
Pseudo Label (Lee, 2013), ⇧-model (Sajjadi et al., 2016), VAT (Miyato et al., 2019), Mean Teacher (Tarvainen & Valpola, 2017),
MixMatch (Berthelot et al., 2019), ReMixMatch (Berthelot et al., 2020).

Benchmark CIFAR10 (small WideResNet-28-2) CIFAR10 (large WideResNet-28-135)

labeled/unlabeled 500/44500 1000/44000 2000/43000 4000/41000 500/44500 1000/44000 2000/43000 4000/41000

Pseudo Label 40.55± 1.70 30.91± 1.73 21.96± 0.42 16.21± 0.11 - - - -
⇧-model 41.82± 1.52 31.53± 0.98 23.07± 0.66 5.70± 0.13 - - - -
VAT 26.11± 1.52 18.68± 0.40 14.40± 0.15 11.05± 0.31 - - - -
Mean Teacher 42.01± 5.86 17.32± 4.00 12.17± 0.22 10.36± 0.25 - - - -
MixMatch 9.65± 0.94 7.75± 0.32 7.03± 0.15 6.24± 0.06 8.44± 1.04 7.38± 0.63 6.51± 0.48 5.12± 0.31
ReMixMatch - 5.73± 0.16 - 5.14± 0.04 - - - -
TC-SSL (ours) 9.14± 0.88 6.15± 0.23 5.85± 0.10 5.07± 0.05 6.04± 0.39 3.81± 0.19 3.79± 0.21 3.54± 0.06

Table 2. Test error rate (mean±variance) of SSL methods train-
ing WideResNet-28-135 on CIFAR100. Baselines: SWA (Athi-
waratkun et al., 2019), MixMatch (Berthelot et al., 2019).
Benchmark CIFAR100 (WideResNet-28-135)

labeled/unlabeled 2500/42500 5000/40000 10000/35000

SWA - - 28.80
MixMatch 44.20± 1.18 34.62± 0.63 25.88± 0.30
TC-SSL (ours) 31.95± 0.55 26.98± 0.51 22.10± 0.37

Table 4. Ablation Study: test error rate (mean±variance) of TC-
SSL variants training a large WideResNet (WideResNet-28-135)
on CIFAR10: “no consistency” is TC-SSL without consistency
loss in Eq. (7); “no contrastive” is TC-SSL without contrastive loss
in Eq. (8); “no PseudoLabel” is TC-SSL without cross entropy loss
for unlabeled data in Eq. (10); “no TC-selection” replaces Line
8-9 of Algorithm 1 with uniform sampling.
labeled/unlabeled 500/44500 1000/44000 2000/43000 4000/41000

TC-SSL (ours) 6.04 ± 0.39 3.81 ± 0.19 3.79 ± 0.21 3.54 ± 0.06
TC-SSL (no consistency) 7.51 ± 0.56 5.31 ± 0.23 3.82 ± 0.20 3.58 ± 0.06
TC-SSL (no contrastive) 7.56 ± 0.52 5.35 ± 0.28 3.96 ± 0.25 3.66 ± 0.08
TC-SSL (no PseudoLabel) 41.05 ± 2.32 23.64 ± 1.17 14.37 ± 0.69 9.87 ± 0.22
TC-SSL (no TC-selection) 12.25 ± 0.81 6.39 ± 0.44 4.68 ± 0.35 4.05 ± 0.13

significant improvements. In Table 4, we further present
a thorough ablation study that separately verifies the
improvement caused by each component of TC-SSL.

Since the recent MixMatch achieves much better perfor-
mance than the SSL methods prior to it, we present a more
detailed comparison to it in Figure 4 by using the Pytorch
re-implementation of MixMatch aforementioned. We use
the number of mini-batches for training in the two methods
as an approximate metric of their training costs since the for-
ward and back-propagation on them dominates the incurred
computation. Since TC-SSL uses batch size of 128 while
MixMatch uses 64, we divide the number of training batches
in MixMatch by 2. The comparison shows TC-SSL’s sig-
nificant advantage in learning efficiency, e.g., it achieves
higher test accuracy much earlier than MixMatch. This is
because that TC-SSL selects the most time-consistent unla-
beled samples that are more informative and less harmful
to the training, where the selection is guided by an efficient
curriculum. In contrast, MixMatch uses all the unlabeled
samples since the beginning, which might introduce wrong

training signals and noise, especially during earlier stages,
and thus slow down the growth of test accuracy.

Figure 4. Test accuracy (%) during training small/large WideRes-
Net by MixMatch and TC-SSL on four splittings of CIFAR10.

Conclusions We derive a metric for time-consistency
(TC) of model outputs on unlabeled data by an analysis of
SSL dynamics, and empirically verify its advantage in identi-
fying correctly predicted unlabeled data for self-supervision.
We then propose a novel SSL objective combining con-
sistency and contrastive losses and a curriculum learning
scheme that optimizes the objective on time-consistent sam-
ples. Our approach achieves SOTA performance on three
SSL benckmarks and considerably improves the efficiency.
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• Test error rate (mean±variance) of TC-SSL variants training WideResNet on CIFAR10;
• no consistency: TC-SSL without consistency loss;
• no contrastive: TC-SSL without contrastive loss; 
• no PseudoLabel: TC-SSL without cross entropy loss for unlabeled data; 
• no TC-selection: replace TC-based selection/sampling with uniform sampling. 
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Time-consistency is critical to semi-supervised learning;

We derive a novel time-consistency metric with theoretical support on avoiding 
catastrophic forgetting and plenty of empirical evidences;

We provide a recipe of self-supervision losses: consistency + contrastive;

TC-SSL, the proposed algorithm, achieves SOTA performance on several SSL 
benchmarks and considerably improves efficiency.
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• For questions and discussions, 
please join our Q&A session.

Ø July 15 Web 10:00 AM PDT
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