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Algorithm 1: Self-supervised Learning with SwitchTab 1 M 1 M
A 2 A 2
Require: unlabeled data X C R batch size B, encoder f, pro- Lrecon = M Z(xlj - xlj) + M Z(x2j - $2j)
Jj=1 Jj=1

« Tabular Representation Learning has not been fully
explored, due to

jector for mutual information p,,, projector for salient infor-

« Representation Learning is to learn to transform data from its original
representation to a new representation that retains information essential to
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‘e : ackground and distinct characters) or the . feawre decoupling: recovered
VISIOn and Natural‘ Language ProceSSIng g . . . ) O * il)tthegalientp:mc%mutualinformationoftheﬁrstbatchbe L R +axl )
semantic dependencies observed in languages @ ] defined as follows: s} = p,(=1) and m! = pn(21). vemi = Frrecon T A% Pl
During Training: After Training: . . . . . . (2) the salient and mut11231 informzation of t2he Second2 batch where « is used to balance the classification loss and re-
¢ Va Frous d|SC rete and continuous dIStrIbUtIOI’lS I S, gztgiggggsﬁuﬁli?xs; s; = ps(2;) and m; = pim(27). construction loss and set to 1 as default. To illustrate, the
Sample e laver . . : (1) let recovered pa:irs be defined as: cross-entropy loss used for classification task can be defined
Input Middie laye Predicted  Desired X from both numerical and categorical features Imagel  Image2 I B ol @ 51 42 = d(m? & 52) as follow:
- : . . . (2) let switched pairs be defined as: Los = — log (7 log(92)) ,
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A be d epen dent or ind epen dent from each other Datal  Chicago Engineer  Ph.D. ® | MSE(s!,5!)+MSE(x?, 52)+ MSE(a?, &!)+ MSE(a2, 42) i1 = MLP(z1) and §» — MLP(zy). For regression tasks.
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° ° (Datal) (Data2)
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_ o o . « A standard benchmark from (Gorishniy et al. 2021) with 11 datasets including California Housing (CA),
During Training: Predicted Vs. Desired After Training: doma i ns tO Ta bu la r data? Chl‘Cago New York I Adult (AD), Helena (HE), Jannis (JA).
Word 3 “quick” . memas e : Higgs (HI), ALOI (AL), Epsilon (EP), Year (YE), Covertype (CO), Yahoo (YA), Microsoft(MI)
sample Word ¢ "brown" « Additional popular datasets from recent work with 7 datasets on classification tasks
Input word 11 "fox" ] v disti <h th | « Bank (BK), Blastchar (BC), Arrhythmia (AT), Arcene (AR), Shoppers (SH), Volkert (VO), MNIST (MN)
T f i e For an image, a person can easi Istinquish the . . . . . n e
Jumped” —¥ Word u; rover” e  Popresentation l di .g 'f P h l by K 9 d Figure 1: Given a pair of images, a person can easily distin- | Dataset size 48842 65196 83733 98050 108000 500000 518012 20640 515345 709877 1200192
i — salient digits from the mutual backgroun guish the salient digits and mutual background due to the Feature size 4 27 4 28 128 2000 24 8 %0 69 136
: . . . . : : . . Method/Dataset ADt+ HE{ JA{+ HI+ ALt EPt+ COt CAl YE| YAl M}
Word t:3 "dog’ We discard the predictive * Separatmg the salient and mutual information well-structured spatial relationships. However, it becomesl TabNet 0.850 0378 0723 0719 0954 0.8896 0957 0.510 8909 0.823  0.751
operation, which was used : challenging to distinguish a pair of tabular samples. For I I I I I I I I I I Z
Objective i to predict the words surrounding orly for Inducng learning becomes challenging for tabular samples . SIS — bem DS Autol 0830 0372 0721 0725 0945 08045 0934 0474 858 0768 0750
each word in every passage that contains it .. o : ) . instance, feature City may be salient between data points | MLP 0.852 0383 0723 0723 0954 08977 0962 0499 8853 0757  0.747
« Explicitly distinguish between mutual information “Chicago” and “New York” for word counts, however, still | DCN2 0853 0385 0723 0723 0955 08977 0965 0484 8890 0757  0.749
. . . . cr . ) ) ; : 25 NODE 0.858 0359 0726 0726 0918 0.8958 0985 0.464 8784  0.753  0.745
Fea ture Decou lin in global and salient information within the sharing some latent mutual information (e.g., big Cmes),l ResNet 0854 0396 0727 0727 0963 08969 0964 0486 8846 0757 0748
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p g feature Space can be useful for representation mgkmg i chal.lengn}g for df:coup ling. NOte.that this dec.ou-l XGBoost 0.874 0377 0724 0728 0924 0.8799 0964 0431 8819 0732  0.742
learning pling process is for illustration only. In the implementation, CatBoost 0873 038 0727 0729 0948 0.8893 0950 0423 8837 0740  0.743
Feature Decoupling For Domain Adaption Feature Decouplin all the decoupled samples are computed 1n the feature space. | SwitchTab (Self-Sup.) 0.867 0387 0.726 0.724 0942 0.8928 0971 0452 8857  0.755  0.751
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SWitC hTa b S e lf-s u p e rVi Sed Lea rn i n g F ra m eWO rk I Table 1: Comparison of different methods on the previous benchmark. For each dataset, the best results are shown in Bold.
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th .p e 3 p . 4 : . s realistic image (enforced by discriminator D) matching the input (reconstruction loss). (Bottom) Decoding with
© 1npu: 'siample by USII:Sg both ﬂl'lledpnv:rtte artllcli S(;‘lt.er% I'Cpl'eserrtlltlatlonil.tThe prtlrve}tetsazd shared the texture code from a second image (Saint Basil’s Cathedral) should look realistic (via D) and match the texture I
representation components are pusned apart with soit subspace orthogonality constrain differences  of the image, by training with a patch co-occurrence discriminator Dpqh that enforces the output and reference . 3
whereas the shared representation components are kept similar with a similarity 10ss Lgimilarity - patches logk inﬁistinguiihable- ! ’ I roj ectorl l m, Decoder X lF?at?set Size 451261 1 7233 g;é ggg 1213730 5?3%0 512212
Park, T., Zhu, J. Y., Wang, O., Lu, J., Shechtman, E., Efros, A., & Zhang, R. (2020). Swapping autoencoder for deep image manipulation. Ad\ in Neural ion Pi i 33, 7198-721 ﬁ ﬁ ﬁ 2 cature size
Bousmalis, K., Trigeorgis, G., Silberman, N., Krishnan, D., & Erhan, D. (2016). Domain separation networks. Ad in neural il ion pi i 29. Y ) ’ e o o R ) ' Encoder (pm) fe sz (d) (Recovered) I Dataset BK BC AT AR SH VO* MN*
0 e L, Feature Raw Feature (z) v v | v v | v v | v v | v S | v v | v v
H H Feature SWlt c h in Salient Feature (s) v v v v v v v v v v v v v v
Feature Decoupllng for Sallent Feature Enhancement Corruption : g I Logistic Reg. 0.907 0910 0918 | 0.892 0.894 0.902 | 0.862 0.862 0.869 | 0.916 0.915 0922 | 0.870 0.871 0.882 | 0.539 0.545 0.551 | 0.899 0.907 0.921
PrO]eCtOTZ Random Forest 0.891 0.895 0.902 | 0.879 0.880 0.899 | 0.850 0.853 0.885 | 0.809 0.810 0.846 | 0.929 0.931 0.933 | 0.663 0.669 0.672 | 0.938 0.940 0.945
e Encadons N gt Datiset Bk D o~ — mp Decoder 2 I XGboost 0929 0929 0938 | 0906 0907 0912 | 0.870 0.872 0904 | 0.824 0.828 0.843 | 0.925 0924 0931 | 0.690 0.691 0.693 | 0.958 0961 0.964
e """" """"" """""""""" 1 g__— S A N .0 2l =0 & xZ ZZ (ps) S s — (d) — (SW[tched) LightGBM 0.939 0939 0942 | 0910 0.910 0.915 | 0.887 0.889 0.903 | 0.821 0.826 0.831 | 0.932 0.933 0.944 | 0.679 0.682 0.686 | 0.952 0.955 0.963
. g/ - P 3 [ P 2 1 CatBoost 0.925 0.928 0.937 | 0912 0.910 0919 | 0.879 0.880 0.899 | 0.825 0.828 0.877 | 0.931 0.934 0.942 | 0.664 0.671 0.682 | 0.956 0.958 0.968
T BuEn dTE o
b | | 2 o P (e ey \ . I MLP 0915 0917 0923 | 0.892 0.895 0.902 | 0.902 0.905 0.912 | 0.903 0.904 0.908 | 0.887 0.891 0.910 | 0.631 0.633 0.642 | 0.939 0.941 0.948
(Background) 962 b 5 VIME 0.766 - - 0.510 - - 0.653 - - 0.610 - - 0.744 - - 0.623 - - 0.958
1 0 .n g TabNet 0918 - - 0796 - - 0521 - - 0541 - - 0914 - - 0568 - - | 0968
/= — | 1 : : . TabTransf 0913 - o817 - - |o70 - | o868 - - |07 - ~ |o580 - - | 0887
4 -_ ( ) e ( a) """"""""""""""" o B o & Data E nCOdlng Feature D ecoupllng Data Reconstruction I 5211\;'2[1}1 vomet 0933 - - | o847 - - 0941 - - o910 - - 10931 - - o701 - - | 0977
s (2]  Figure 1. Contrastive variational autoencoders applied to the Grassy-MNIST dataset. (2) We consiruct a semi-synthetic dataset Figure 2: Block diagram of the proposed self-supervised learning framework. (1) Two different samples x; and x- are randomly | R S U I Py I Fyse i I Pyt N Pyt I P s e
“a%e')" | ’ L Sy ] B g:;gg;:g?;;ﬁl;f;az ﬁ;g ;2??:;;“&2?;‘;2::’; ga:;f‘e;u?fniaj:ef:zzgﬁ xaf:elzt?:,: Zt?s ﬂ?; E:l?g:;aa;s:el:ﬁzl:; :Ns:f;:?z Corrupted and encoded into feature vectors z 1 and Z9 through encoder f (2) feature vectors z 1 and Z9 are decoupled into mutual “—" indicates the experiments are not applicable for the corresponding methods to demonstrate the benefits of plug-and-play embeddings.
L e | CVAE on the target and background datasets. The cVAE identifies that the salient latent variables are those related to the digits. We can and salient features by two different projectors p,,, and p,, respectively. (3) Mutual and salient features are combined and I
— — remove the irrelevant latent variables to generate clean hand-written digits, despite the network never being trained on such images. See . . . Table 2 Com arison Of different methOdS on ClaSSiﬁcation taSk FOI‘ each methOd we report thl‘ee cate OrieS 1) raw features
s S reconstructed by a decoder d where the salient feature dominates the sample type and the mutual feature provides common - Lomp : : : g port | g :
il e i information that is switchable among two samples. | only, 2) salient features only, 3) plug and play using salient features. The best results are shown in Bold. Columns added with %
@ (®) . . . . . I are multi-class classification tasks, reporting accuracy. The other results of binary classification tasks are evaluated with AUC.
Figure 3. Architecture and algorithm for the cVAE. (a) Here, we illustrate the architecture of the contrastive VAE. The background S t h T b S d P t t h L b l . . . . .
target datasets are fed into two sets of shared encoders g4, and g4, , which output the salient and irrelevant latent variables respectively. W I C a u e rV I S e re ra I n I n W I a e S Y SWItC hTa b h a S r'e m a rka b le e rfo rm a n C e llft I n m a O r' I t Of t h e ca Ses
The latent variables for the target dataset are concatenated and fed into a decoder network, while only the (zero-padded) irrelevant variable I p J y
is fed into the decoder network. The decoder outputs reconstructions of the target and background data. (b) The pseudocode for the cVAE ( \ . . . . . .
i provided here, using bah gradient descent for smplicty. . 1° Salient features have immense value when integrated with original data
Abid, A., & Zou, J. (2019). Contrastive variational autoencoder enhances salient features. arXiv preprint arXiv:1902.04601. f 1 ngnm [ PR
r= (Recovered) B (data) | as additional features to improve traditional methods
Can we help tabular data to draw a boundary using Feature Decoupling? Lk
: :—» . I —— + The mutual features m1 and m2
k\ r. m2 .
4 ) 1, — : d from SwitchTab, although
. — S ( ata) I 10 g » sl rom WITC d ! d Oug
1, (Switched) , } o o s
1l Reconstuction 2 8 3% 0 df
Feature Data - 3y SR extracted rrom two
51 | Loss I S Seedap s A (
- . a DY X o ) o .
X, Feature - Decoupling Reconstruction %, (Lyocon) % | Ui b A, o8 different classes, heavily overlap
— . — ) 9., > o &
DeCO‘u lln D I — e g 0 0 V80”0 ¢ PaBAR 028 *
e m 1| [— (Recovered)™ (data) | Tee DR with each other.
53] &) ¥
l | c% -5 1 2 s
[ 9 ~? @ °
\ y ! ‘o 2, % | : « The salient features s1 and s2 are
2
— . — - —101 H H H
%, (Switched) (data) I distinctly separated, playing a
When comparing two data samples, \- / l el : . dominant role in capturing the
. . . . . . . t-SNE Dimension 1 1 H
« mutual features consist of information that highlights common characteristics. | 4 R I unique properties of each class
. . . e . . . . Classification - Y : C . i<i i i
- salient features emphasize the distinctive attributes to differentiate one sample] > vz R i (label) | Figure 4: t-SNE visualization of mutual and salient features aNd decisively contributing to
in two dimensional space. ifi I I
from the other. I L (Loge) «— : p the classification boundaries.
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« SwitchTab consistently achieves optimal or near-optimal performance i
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