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% Self/Semi-Supervised Learning? - Definition

+ Self-Supervised Learmning
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Self-supervised Learning !

. Supervised Learning
on large unlabeled images on task-specific images

1) Jeremy Howard, Sylvain Gugger, Deep Leaming for Coders with fastai & PyTorch, Hanbit Media
2) Aurelien Geron, Hands-On Machine Leaming with Scikit-Leam, Keras & TensorFLow, Hanbit Media
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3) Il Seok Oh, Machine Leaming, Hanbit Academy

AKim, S.R 2022 E|4l X7} als 718E| 215 X|S 7% &2 Broadeasting and Media Magazine, 27(2), 19-25.
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% Self/Semi-Supervised Learning?
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Self-Supervised
Learning
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Chen, T, Kombilith, S, Norouzi, M, & Hinton, G. (2020, November). A simple framework for contrastive leaming of visual representations. In Intemational conference on machine leaming (pp. 1597-1607). PMLR
He K, Fan, H, Wu, Y, Xie, S, & Girshick, R. (2020). Momentum contrast for unsupervised visual representation leaming. In Proceedings of the IEEE/CVF conference on computer vision and pattem recognition (pp. 9729-9739).
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% Self/Semi-Supervised Learning?
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Labeled Data

Semi-Supervised
Le a rn i n g e Prediction Pseudo-label
FixMatch

Sharpen

MIXMatCh ‘ S .. Kaugmentations ... i "":::
Unlabeled\- ‘ w I-‘ /// Average

Xie, Q, Dai, Z, Howy, E, Luong, T, & Le, Q. (2020). Unsupervised data augmentation for consistency training. Advances in Neural Information Processing Systems, 33, 6256-6268
Sohn, K, Berthelot, D, Carlini, N, Zhang, Z, Zhang, H, Raffel, C A, .. & Li, C. L (2020). Fixmnatch: Simplifying semi-supervised leaming with consistency and confidence. Advances in neural information processing systems, 33, 596-608

Berthelot, D, Carlini N Goodfellow, |, Papemot, N Oliver A, & R;ﬁel, C. A (2019). Mixmatch: A holistic approach to semi-supervised leaming. Advances in neural information processing systems, 32

Data Mining
KOREA o‘}. Quality Analytics 7

UNIVERSITY




Introduction

/7

% Self/Semi-Supervised Learning?
«  Self/Semi-Supervised Learning0| F&S&+= 0|7
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% Self/Semi-Supervised Learning?
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% Self/Semi-Supervised Learning? — Flow

>

» Semi-Supervised Learning
»  Pseudo Labeling - ME2 2 S MM Hybrid Methods - O{2{ OFO|LC|0{ & 2ot ALE

= Self-Training (2007), MixMatch (2019), ...

> Self-Supervised Leamning

Ok

FO 244 O|O|E{0f CHSH Ofsl 1
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0

= Exemplar (2014), ...

1o
l>
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« Contrastive Learning - Positive/Negative Pairg ++35t0 fAtet A

= SiImCLR (2020), MoCo (2020), ...

Zhu, X (2007, June). Semi-supervised leaming tutorial. In Intemational conference on machine leaming (ICML) (pp. 1-135).
Berthelot, D, Carfini, N, Goodfellow; |, Papemoat, N, Oliver, A, & Raffel, C. A (2019). Mixmatch: A holistic approach to semi-supervised leaming. In Advances in Neural Information Processing Systems (pp. 5049-5059).

Dosovitskiy, A, Springenberg, J. T, Riedmiller, M, & Brox, T. (2014). Discriminative unsupervised feature leaming with convolutional neural networks. Advances in neural information processing systems, 27.
Chen, T, Komblith, S, Norouz, M, & Hinton, G. (2020, November). A simple framework for contrastive leaming of visual representations. In Intemational conference on machine leaming (pp. 1597-1607). PMLR
He K, Fan, H, Wu, Y, Xie, S, & Girshick, R. (2020). Momentum contrast for unsupervised visual representation leaming. In Proceedings of the IEEE/CVF conference on computer vision and pattem recognition (pp. 9729-9739).
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% Self/Semi-Supervised Learning?

E Self-Supervised

Representation Learning
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(Algorithm & application)
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A Holistic Approach to Semi-Supenvised Leaming

Semi-supervised learning in deep neural
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«» Tabular Data
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«» Tabular Data
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«» Tabular Data
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% Why does it perform poorly on tabular data?
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Borisov, V, Leemann, T, Sefler, K, Haug, J, Pawelzyk M, & Kasned, G. (2021). Deep neural networks and tabular data: A survey. arXiv preprint arxiv:211001889.
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% Why does it perform poorly on tabular data?
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Why does it perform poorly on tabular data?
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(one-hot encoding)2 +=3stH & H

X+l 9] = (curse of dimensionality)

City Seoul Busan | Masan Suwon
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< Different Approaches
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Deep Learning for Tabular Dataset
= SuperTML(2019), IGTD(2021)
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DMOA Crpen Seminar
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= TabNet(2019)

Deep Learning for Tabular Dataset
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= VIME(2020), SubTab(2021) £ 20214 78 302
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= SCARF(2021), Contrastive Mixup(2021)
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% VIME: Extending the Success of Self- and Semi-supervised Learning to Tabular Domain
» NeurlPS (2020), 2022'H 10&8 52 7|F 48%] 21&

« AT EstEi =X Eots =2 3 A e

VIME: Extending the Success of Self- and
Semi-supervised Learning to Tabular Domain

Jinsung Yoon Yao Zhang
Google Cloud Al, UCLA University of Cambridge
Jjinsungyoon@google.com yz6bb@cam.ac.uk
James Jordon Mihaela van der Schaar
University of Oxford University of Cambridge
james. jordon@wolfson.ox.ac.uk UCLA, Alan Turing Institute

mv472@cam.ac.uk

Abstract

Self- and semi-supervised learning frameworks have made significant progress in
training machine learning models with limited labeled data in image and language
domains. These methods heavily rely on the unique structure in the domain datasets
(such as spatial relationships in images or semantic relationships in language). They
are not adaptable to general tabular data which does not have the same explicit
structure as image and language data. In this paper, we fill this gap by proposing
novel self- and semi-supervised learning frameworks for tabular data, which we
refer to collectively as VIME (Value Imputation and Mask Estimation). We create
a novel pretext task of estimating mask vectors from corrupted tabular data in
addition to the reconstruction pretext task for self-supervised learning. We also
introduce a novel tabular data augmentation method for self- and semi-supervised
learning frameworks. In experiments, we evaluate the proposed framework in
multiple tabular datasets from various application domains, such as genomics and
clinical data. VIME exceeds state-of-the-art performance in comparison to the
existing baseline methods.

Data Mining
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% VIME - Self
» Network : Encoder, Decoder, Mask Estimator

 Losses : Reconstruction Loss, Cross-entropy Loss
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% VIME - Self
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% VIME - Self
« Noise strategy : Column-wise swap noise — ‘S8 G|O|E{0f Hgtot 0| = Al

Original feature matrix (X) a1-m

Corrupted feature matrix (X)

v

Randomly shuffle within Element-wise X21|X22|X23| X34

each feature (column) multiplication Summation + >
4 X31|X12| X33 | X24

Randomly shuffled
feature matrix (X)

Mask matrix (M)
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% VIME - Semi
VIME-SelfOf| A| St524 H Encoderg MAHE (178)
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% VIME
. a7}
Table 1: AUROC Performances of patient treatment predictions on Hormone and Radical therapy
(higher the better). (Mean + Standard deviations are computed over 10 runs)
Type | Models | Hormone | Radical

Logistic Regression | .8371+.0013 | .8036+.0015

SL 2-layer Perceptron | .83514+.0023 | .8146+.0022

XGBoost .8423+.0018 | .8166£.0011

Self-SL DAE .8335+.0049 | .8144+.0061

et Context Encoder .8308+.0051 | .8134+.0066

Semi-SL | MixUp | .8448+.0021 | .8214+.0029

VIME | .8602+.0029 | .8391+.0021
Table 2: Prediction accuracy of the methods on UCI Income, MNIST and UCI Blog datasets (Mean

=+ Std are computed over 10 runs).
Type | Models | Income | MNIST | Blog
Logistic Regression | .8425+.0013 | .8989+.0023 | .6915+.0029
Supervised models 2-layer Perceptron | .8520=+.0023 | .9387+.0014 | .7972+.0058
XGBoost .8623+.0021 | .9413+.0026 | .7975+.0030
Self-supervised models DAE .8578+.0028 | .9431+.0032 | .8001+.0039
P Context Encoder | .8611+.0027 | .9455+.0048 | .8033+.0051
Semi-supervised models | MixUp | .8701+.0021 | .9461+.0023 | .8088+.0038
Supervised only .85204.0023 | .9387+.0014 | .7972+.0058
Variants of VIME Self-SL only .8599+.0026 | .9406+.0019 | .8147+.0037
Semi-SL only .8771+.0031 | .9548+.0023 | .8361+.0041
VIME | .8804+.0030 | .9577+.0022 | .8389-.0044
Data Mining
UKN(RIEQEQ o‘}. Quality Analytics 25
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% SubTab: Subsetting Features of Tabular Data for Self-Supervised Representation Learning

« NeurlPS (2021), 20225 108 5& 7|= 122| o1&

. BTN 2T DES B0 52 U458 YA

SubTab: Subsetting Features of Tabular Data for
Self-Supervised Representation Learning

Talip Ucar, Ehsan Hajiramezanali, Lindsay Edwards

Respiratory and Immunology, R&D, AstraZeneca
{talip.ucar, ehsan.hajiramezanali, lindsay.edwards}@astrazeneca.com

Abstract

Self-supervised learning has been shown to be very effective in learning useful
representations, and yet much of the success is achieved in data types such as
images, audio, and text. The success is mainly enabled by taking advantage of
spatial, temporal, or semantic structure in the data through augmentation. However,
such structure may not exist in tabular datasets commonly used in fields such as
healthcare, making it difficult to design an effective augmentation method, and
hindering a similar progress in tabular data setting. In this paper, we introduce a
new framework, Subsetting features of Tabular data (SubTab), that turns the task
of learning from tabular data into a multi-view representation learning problem by
dividing the input features to multiple subsets. We argue that reconstructing the data
from the subset of its features rather than its corrupted version in an autoencoder
setting can better capture its underlying latent representation. In this framework,
the joint representation can be expressed as the aggregate of latent variables of the
subsets at test time, which we refer to as collaborative inference. Our experiments
show that the SubTab achieves the state of the art (SOTA) performance of 98.31%
on MNIST in tabular setting, on par with CNN-based SOTA models, and surpasses
existing baselines on three other real-world datasets by a significant margin.

Data Mining
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«» SubTab

» Network : Encoder, Decoder, Projection

» Losses : Reconstruction Loss, Contrastive Loss, Distance Loss
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SubTab

> Negative pair — Contrastive Loss

»  Contrastive/Distance Lossi= optional 2t loss

-

» Positive pair — Contrastive Loss, Distance Loss(MSE)
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% SubTab
- Ad 4
o S — o Lo
> Q2 ZO| MLPEH EHRL0] NN 7|4t S 2 ROt H| I 52 M52 ohy
1 C 993 i H' Hineg O 3 2018
< ?E:idATCHJ 987 P (] 2019
. - A \
| 3 SubTab 9831 “t‘ ooy : 0 01
R Table 1: Accuracy scores for all models for various datasets. The abbreviations in the table; NC:
5 Bidirectional InfoGAN Neighbour columns used, RF: Random features used, G: Gaussian noise used, S: Swap noise used.
6  Adversarial AE
Type | Models \ MNIST Income Blog Obesity TCGA
it Supervised | Logistic Regression 92.60£0.03 84.68£0.05 84.15-0.12 62.3514.02 36.98L 1.25
A baseline | Random Forest 96.96+0.06 84.6240.07 83.61+0.15 67.45+2.23 61.62=+ 1.02
XGBoost 98.0240.086 86.1140.20 84.29+0.23 64.05+4.52 72.61£1.31
9 PixelGAN Autoencoders Autoencoder | AE 92.77+0.32 84.6710.07 84.0610.24 61.96+3.28 55.16+0.75
p—— baseline | AE w/ Dropout (p=0.2) | 94.31+0.28 85.000.10 84.18-0.20 62.74+4.38 56.8742.26
DAE (RF) 96.30+0.14(S) 8437+£0.36 (G) 84.12£029(G) 56.43%£5.79(G) 54.31+1.39 (G)
CAE (NC) 96.39+0.20 (S)  84.24+0.18 (G)  84.3+0.31 (G)  62.26+5.01 (G)  54.20+1.17 (G)
VIME-self 95.23+0.17(S)  84.43+0.08 (G) 84.11+0.27(G) 66.45+4.54 (G)  55.114+1.37 (G)
Self- SubTab with:
supervised | Base model (No noise) 97.2640.2 85.31+0.08 84.2940.26 68.01+3.07 57.024+1.50
+Noise 97.474+0.18 (S)  85.344£0.07 (G) 84.47+0.15(G) 71.13+4.08 (G) 58.25+1.36 (G)
+Distance loss 97.52+40.14 (S)  85.35+0.06 (G)  84.64+0.19 (G)  69.25+4.19 (G)  58.15+1.56 (G)
+LatentDim=512 97.86+0.07 (S) - - - -
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« ICLR (2022), 20224 10 5& 7|= 93| 212

SCARF: SELF-SUPERVISED CONTRASTIVE LEARNING
USING RANDOM FEATURE CORRUPTION

Dara Bahri, Heinrich Jiang, Yi Tay, Donald Metzler
Google Research
{dbahri,heinrichj,yitay,metzler}@google.com

ABSTRACT

Self-supervised contrastive representation learning has proved incredibly successful
in the vision and natural language domains, enabling state-of-the-art performance
with orders of magnitude less labeled data. However, such methods are domain-
specific and little has been done to leverage this technique on real-world tabular
datasets. We propose SCARF, a simple, widely-applicable technique for contrastive
learning, where views are formed by corrupting a random subset of features. When
applied to pre-train deep neural networks on the 69 real-world, tabular classification
datasets from the OpenML-CC 18 benchmark, SCARF not only improves classifi-
cation accuracy in the fully-supervised setting but does so also in the presence of
label noise and in the semi-supervised setting where only a fraction of the available
training data is labeled. We show that SCARF complements existing strategies and
outperforms alternatives like autoencoders. We conduct comprehensive ablations,
detailing the importance of a range of factors.
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% SCARF

*  Network : Encoder(f), Pre-training head(g), Classification head(h)

 Losses : Contrastive loss(maximize similarity), Cross-entropy loss
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% Contrastive Mixup: Self- and Semi-Supervised Learning for Tabular Domain
-+ 2022 108 52 oIXf 42| 218

. EXESE TS F9

Contrastive Mixup: Self- and Semi-Supervised
learning for Tabular Domain

Sajad Darabi Shayan Fazeli
UCLA UCLA
sajad.darabi@cs.ucla.edu shayan.fazeli@cs.ucla.edu
Ali Pazokitoroudi Sriram Sankararaman Majid Sarrafzadeh
UCLA UCLA UCLA
alipazoki@cs.ucla.edu sriram@cs.ucla.edn majid@cs.ucla.edu
Abstract

Recent literature in self-supervised has demonstrated significant progress in closing
the gap between supervised and unsupervised methods in the image and text do-
mains. These methods rely on domain-specific augmentations that are not directly
amenable to the tabular domain. Instead, we introduce Contrastive Mixup, a semi-
supervised learning framework for tabular data and demonstrate its effectiveness
in limited annotated data settings. Our proposed method leverages Mixup-based
augmentation under the manifold assumption by mapping samples to a low dimen-
sional latent space and encourage interpolated samples to have high a similarity
within the same labeled class. Unlabeled samples are additionally employed via
a transductive label propagation method to further enrich the set of similar and
dissimilar pairs that can be used in the contrastive loss term. We demonstrate the
effectiveness of the proposed framework on public tabular datasets and real-world
clinical datasets.
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% Contrastive Mixup

« Network : Encoder, Decoder, Projection, Predictor

* Losses : Reconstruction loss, Contrastive loss, Cross-entropy loss

Labeled Dataset —

O/

Unlabeled Dataset ——
(Pseudo label)
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% Contrastive Mixup
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% Contrastive Mixup
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% Contrastive Mixup
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% Contrastive Mixup
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Table 1: Comparison on public tabular datasets.

Dataset
Type Method MNIST Adult Blog Feedback  Covertype
Logistic 90.12 (0.098) 82.41 (£0.413) 7891 (x0.22)  70.54 (0.087)
Supervised MLP 93.69 (+0.234) 83.19 (+0.663)  79.63 (+0.519)  75.95 (+0.202)
CatBoost (100%) | 97.41 (+0.008) 87.54 (+0.075)  85.08 (+0.088)  88.64 (+0.077)
AE 94.72 (x0.127)  84.18 (+0.078)  80.09 (£0.199)  79.67 (+0.296)
Semi-supervised Manifold Mixup | 94.92 (+0.012) 84.68 (+0.279)  80.24 (+0.652)  78.79 (+0.135)
VIME 95.71 (+0.013) 84.54 (+0.408)  81.36 (+0.301)  79.02 (+0.329)
Supervised 93.69 (+0.234) 83.19 (+0.663)  79.63 (+0.519)  75.95 (+0.202)
Ours (Ablation) Self-SL 95.82 (+0.131) 85.16 (+0.249)  81.38 (+0.373)  79.46 (+0.463)
Self-SL+PL 97.01 (+0.066) 85.26 (+0.207)  81.65 (+0.370)  79.92 (+0.682)
Ours 97.58 (+0.078) 8542 (+0.2100  81.88 (+0.123  80.41 (+0.205)
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