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Goal: Improving Data Efficiency in Deep Learning

Methods in classificattion setup adopt human intuitions:

low density separation
cluster assumptions
pseudo labeling strategies
...

Methods in regression setup focus on shallow learning:

k-nearest neighbor (kNN)
decision tree
Gaussian Process
...

How to improve data efficiency for both classification and regression setups?
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Can we further enhance model stochasticity as data stochasticity?

Type 1: Encourage invariance to data stochasticity
consistency regularization to local input perturbations
Π-model, FixMatch, Unsupervised Data Augmentation, ...

Type 2: Encourage invariance to model stochasticity
difference penalty for predictions of models generated from different dropout, initialization,
exponentially averaged history models
Π-model, COREG, Mean Teacher, ...
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Can we further enhance model stochasticity as data stochasticity?

(a) Data

Pad() 
Crop()
Flip()

Rotate()
Affine()

...

(b) Data Stochasticity: Weak
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(c) Data Stochasticity: Strong
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(f) Model Stochasticity: Strong
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Table: Comparison among various methods for improving data efficiency in deep learning.

Method
stochasticity setup

data model classification regression

Pseudo Label weak 7 3 7

Entropy 7 7 3 7

VAT weak 7 3 3

Π-model weak weak 3 3

Data Distillation weak 7 3 7

Mean Teacher weak weak 3 3

UDA strong 7 3 7

FixMatch strong 7 3 7

Self-Tuning strong 7 3 7

X-model strong strong 3 3
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Preliminary: Invariant to Data Stochasticity

Encourage invariance to data stochasticity:

min
θ,φ

Ldata(x ,U) = Exi∈U ` ((φ ◦ θ)(aug1(xi )), (φ ◦ θ)(aug2(xi ))) , (1)

Denote a labeled dataset L =
{(

xL
i , y

L
i

)}nL
i=1

with nL samples
(
xL
i , y

L
i

)
Denote an unlabeled dataset U =

{(
xU
i

)}nU
i=1

with nU unlabeled samples.

The size nL of L is much smaller than that nU of U and the label ratio is nL/(nL + nU).

Denote θ the feature generator network, and φ the successive task-specific head network.
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Preliminary: Invariant to Model Stochasticity

Encourage invariance to model stochasticity

min
θ,φ

Lmodel(x ,U) = Exi∈U `
(
(φt ◦ θt)(xi ), (φ′t−1 ◦ θ′t−1)(xi )

)
, (2)

(φt ◦ θt), (φ′t−1 ◦ θ′t−1) are the current model and the exponential moving averaged model

φ′t = αφ′t−1 + (1− α)φt , θ
′
t = αθ′t−1 + (1− α)θt where α is a smoothing coefficient

hyperparameter.
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Data Stochasticity meets Model Stochasticity

The same feature extractor θ and two different task-specific heads φ1 and φ2:

ŷi ,1 = (φ1 ◦ θ)(aug1(xi ))

ŷi ,2 = (φ2 ◦ θ)(aug2(xi )),
(3)

For each example xi in the labeled dataset L =
{(

xL
i , y

L
i

)}nL
i=1

,

Ls(x ,L) = Exi∈L `s (ŷi ,1, yi ) + `s (ŷi ,2, yi ) , (4)

For each example in the unlabeled dataset U =
{(

xU
i

)}nU
i=1

,

Lu(x ,U) = Exi∈U `u [(φ1 ◦ θ)(aug1(xi )), (φ2 ◦ θ)(aug2(xi ))] , (5)
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Enhance Model Stochasticity via a Minimax Model

Only minimizing causes a degeneration problem and provides little meaningful information

Ls(x ,L) + ηLu(x ,U)

Enhance model stochasticity via a minimax model

θ̂ = arg min
θ

Ls(x ,L) + ηLu(x ,U),

(φ̂1, φ̂2) = arg min
φ1,φ2

Ls(x ,L)− ηLu(x ,U),
(6)
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Results on Regression Setup
Published as a conference paper at ICLR 2022

Table 2: MAE (#) on tasks of Position X, Position Y and Scale in dSprites-Scream (ResNet-18).

Label Ratio 1% 5% 20% 50%

Method Scale X Y All Scale X Y All Scale X Y All Scale X Y All

Only Labeled Data .130 .073 .075 .277 .072 .036 .035 .144 .051 .030 .028 .108 .046 .026 .025 .097
VAT (Miyato et al., 2016) .067 .042 .038 .147 .046 .028 .034 .109 .045 .024 .029 .098 .037 .027 .020 .084
⇧-model (Laine & Aila, 2017) .084 .035 .035 .154 .058 .031 .025 .114 .045 .024 .023 .092 .040 .021 .021 .082
Data Distillation (Radosavovic et al., 2017) .066 .039 .033 .138 .045 .027 .031 .104 .043 .023 .026 .092 .037 .023 .021 .081
Mean Teacher (Tarvainen & Valpola, 2017) .062 .035 .037 .134 .045 .024 .033 .103 .042 .023 .024 .089 .038 .021 .020 .079
UDA (Xie et al., 2020) – – – – – – – – – – – – – – – –
FixMatch (Sohn et al., 2020) – – – – – – – – – – – – – – – –
Self-Tuning (Wang et al., 2021) – – – – – – – – – – – – – – – –

�-model (w/o minimax) .080 .021 .024 .125 .044 .029 .028 .101 .040 .017 .021 .077 .030 .027 .018 .074
�-model (w/o data aug.) .074 .025 .023 .119 .045 .026 .022 .093 .037 .019 .017 .073 .038 .018 .017 .074
�-model (ours) .061 .030 .024 .115 .044 .023 .025 .092 .037 .014 .021 .072 .032 .018 .018 .068

across various label ratios from 1% to 50% over all baselines, evaluated on the commonly-used MAE
measure. It is noteworthy that �-model achieves a MAE of 0.092 provided with only 5% labels,
which is even lower than that of the labeled-only method (0.097) using 50% labels, indicating a large
improvement of data efficiency (10⇥). Meanwhile, the ablation studies in Table 2 and other ablation
studies, verify the effectiveness of both minimax strategy and data augmentation.

5.2 3D REALISTIC DATASET: MPI3D-Realistic

MPI3D 2 (Gondal et al., 2019) is a simulation-to-real dataset for 3D object. It has three subsets:
Toy, Realistic and Real, in which each contains 1, 036, 800 images. Here, since we have used the
synthetic dataset above, we select the Realistic subset here to demonstrate the performance of �-
model. Example images of Realistic are shown in Figure 7(b). In each image, there are 7 factors of
variations each with a definite value, detailed in Table 8. In MPI3D-Realistic, there are two factors
that can be employed for regression tasks: Horizontal Axis (a rotation about a vertical axis at the
base) and Vertical Axis (a second rotation about a horizontal axis). The goal of this task is to predict
the value of the Horizontal Axis and the Vertical Axis for each image via less labeled data.

Table 3: MAE (#) on tasks of Horizontal Axis and Vertical Axis in MPI3D-realistic (ResNet-18).

Label Ratio 1% 5% 20% 50%

Method Hor. Vert. all Hor. Vert. all Hor. Vert. all Hor. Vert. all

Only Labeled Data .163 .112 .275 .075 .042 .117 .034 .030 .064 .023 .019 .042
VAT (Miyato et al., 2016) .102 .087 .189 .061 .048 .109 .033 .028 .061 .025 .021 .046
⇧-model (Laine & Aila, 2017) .099 .086 .185 .051 .041 .092 .031 .024 .055 .023 .017 .040
Data Distillation (Radosavovic et al., 2017) .095 .092 .187 .053 .046 .099 .029 .024 .053 .023 .021 .044
Mean Teacher (Tarvainen & Valpola, 2017) .091 .081 .172 .045 .036 .081 .031 .028 .059 .024 .018 .042

�-model (ours) .087 .068 .155 .036 .024 .060 .024 .018 .042 .021 .016 .037

Following the previous setup, we evaluate our �-model on various label ratios including 1%, 5%,
20% and 50%. As shown in Table 3, �-model beats the strong competitors of data stochasticity and
model stochasticity-based methods by a large margin when evaluated on the MAE measure. Note that,
some data-efficient methods underperform than the vanilla label-only model (e.g. Data Distillation
(0.044) and VAT (0.046) achieves a higher MAE than label-only method (0.042) when provided with
a label ratio of 50%), while our �-model always benefits from exploring the unlabeled data.

5.3 AGE ESTIMATION DATASET: IMDB-WIKI

IMDB-WIKI3 (Rasmus Rothe, 2016) is a face dataset with age and gender labels, which can be
used for age estimation. It contains 523.0K face images and the corresponding ages. After splitting,
there are 191.5K images for training and 11.0K images for validation and testing. For data-efficient
deep regression, we construct 5 subsets with different label ratios including 1%, 5%, 10%, 20% and
50%. For evaluation metrics, we use common metrics for regression, such as the mean-average-error

2https://github.com/rr-learning/disentanglement_dataset
3https://data.vision.ee.ethz.ch/cvl/rrothe/imdb-wiki/
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Results on Classification Setup

Published as a conference paper at ICLR 2022
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Figure 4: Qualitative results of some images generated by different models on Hand-3D-Studio.

Table 6: Error rates (%) # of classification on CIFAR-100 (WRN-28-8).

Method 400 labels 2500 labels 10000 labels

Pseudo-Labeling (Lee, 2013) - 57.38±0.46 36.21±0.19
MC Dropout (Gal & Ghahramani, 2016) - 58.27±0.54 38.36±0.19
Deep Co-Training (Qiao et al., 2018) - 53.38±0.61 34.63±0.14
⇧-Model (Laine & Aila, 2017) - 57.25±0.48 37.88±0.11
MME (Saito et al., 2019) - 47.40±1.75 32.54±0.81
Mean Teacher (Tarvainen & Valpola, 2017) - 53.91±0.57 35.83±0.24
MixMatch (Berthelot et al., 2019) 67.61±1.32 39.94±0.37 28.31±0.33
UDA (Xie et al., 2020) 59.28±0.88 33.13±0.22 24.50±0.25
ReMixMatch (Berthelot et al., 2020) 44.28±2.06 27.43±0.31 23.03±0.56
FixMatch (Sohn et al., 2020) 48.85±1.75 28.29±0.11 22.60±0.12
Meta Pseudo Labels (Pham et al., 2021) 48.18±1.29 27.31±0.24 22.02±0.18
Self-Tuning (Wang et al., 2021) 54.74±0.35 42.08±0.43 21.75±0.27

�-model 47.21±1.54 27.11±0.65 20.98±0.33

7 INSIGHT ANALYSIS

An Analysis on Two-Moon We use the classical Two-Moon dataset with scikit-learn (Pedregosa
et al., 2011) to visualize decision boundaries of various data-efficient learning methods on a binary
classification task with only 5 labels per class (denoted by “+”). As shown in Figure 5, from the
label-only method to �-model, the decision boundary is more and more discriminable and a more
accurate hyperplane between two classes is learned.

(a) Label Only (b) Minimize Entropy (c) ⇧-Model (d) �-model

Figure 5: Decision boundaries of various data-efficient learning methods on Two-Moon.

Feature Visualization via t-SNE We use the t-SNE tool (Maaten & Hinton, 2008) to visualize the
features of several models on a regression task named dSprites-Scream with 5% labels. As shown in
Figure 6, from the label-only method to�-model, the intrinsic structure (“manifold”) of the unlabeled
data is more discriminable and much more similar to that of the fully-supervised ground-truth one.

8 CONCLUSION

We propose the �-model, which unifies the invariance to data stochasticity and model stochasticity
to take the power of both worlds with a form of ”�”. We make the �-model play a minimax game
between the feature extractor and task-specific heads to further enhance invariance to stochasticity.
Extensive experiments demonstrate the superior performance of the �-model among various tasks.
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Summary

We propose the X-model that jointly encourages the invariance to data and model
stochasticity to improve data efficiency for both classification and regression setups.

We make the X-model play a minimax game between the feature extractor and
task-specific heads to further enhance invariance to model stochasticity.

Extensive experiments verify the superiority of the X-model among various tasks, from an
age estimation task to a dense-value prediction task of keypoint localization, a 2D
synthetic and a 3D realistic dataset, as well as a multi-category object recognition task.
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