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Unstructured Dataset Tabular Dataset
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. 7H 2 : Tabular Data 42|

Unstructured Dataset Tabular Dataset
ID AE | 28 =H | Az
2t | Zbp | 2t
1 300 60 0 10A|
102
2 180 0 0 06A|
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- LEoh sk HIEAIZE 21 =2t H|8) TiH| A8 #5051 40| 022 247t /S

- AFEHEY HO|HE &8t Haeld vs 1Y Z2 M E = feature engineeringdll 5
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St= 2=

Research ML Production ML
Offline, =& OOl & Online, Streaming
SOTA (Accuracy, RMSE &) oL RHHS, Inference =, A
SEMI E2 Hs 8 84 M HAERYU =S
DEHE A st 54 HIOE HE
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* https,//zzszagithubio/mlops/2018/12/28/mlops L2 LIE =X
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https://zzsza.github.io/mlops/2018/12/28/mlops

< "elde MY gtg 80 AHH o5 7tsd2 M22 727t 2 = AS

« Incremental Learning : streaming dataOi|A] X|& X Q1 5t&0| 7tsgt
o Pretraining : AHH S5 2 ot A[ZH B R M2 HIO|H AR 2 de 2 7ts

» Capacity : &S} CHfot TS &, H|O|E7t =X &0 W2} X[£H 2 ds & 7|

:

» S| 2 4= RUCHH 2

ML ENGINEERS

(Data Scientists+ Da

PARAMETRIZE AND MONITOR

* https;//blogs.nvidia.cokr/2020/09/11/what-is-mlops
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https://blogs.nvidia.co.kr/2020/09/11/what-is-mlops

. TabNet : 232z 294

< TabNet on Al Platform: High-performance, Explainable Tabular Learning

« 712 MoA(Mechanisms of Action Prediction) Ci2| 2| baseline 22 0|, &5 € 12|&0 = 2-&E

» Google ML Platform@! Vertex Al0f| Ef X =|0] GCP LHO|AM SA| AHE 75

Winning Weighted-Average Blend for MoA

non-score

(0ld CV)

3-stage NN with

Simple NN
(New CV with
drug_id)

EfficientNet B3 NS
(0ld CV)

ResNeSt V2
{Old CV)

0.37

0.1

0.18

0.15

2-stage NN+TabNet
with non-scored
(Old CV)

0.8x0.8 01

N\

{

0.09

0.09

Final Winning
Blend

* https;/wwv.kaggle.com/c/lish-moa/discussion/201510

* https;//doud google.com/blog/joroducts/ai-machine-leaming/mi-model-tabnet-is-easy-to-use-on-doud-ai-platform

Simple NN
(Old CV)

2-heads ResNet NN
(Cld CV)
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GCP User Guide for Tabular

Use a built-in algorithm training job to train a custom model with pre-built algorithms.

Learn more

@ Training algorithm — @) Training data — @) Algorithm arguments — @) Job settings

Before you get started, make sure your algorithm follows the format required for your

Learn more about how to prepare your data

Select an algorithm *

[ TabNet

-o]

NEXT CANCEL

Max Steps @
Min: 1000 Max: 2000
Learning Rate *

0.001

HyperTune

(] HyperTune

A scalar used to determine gradient step in gradient descent training. Leam more

Advanced Section



https://www.kaggle.com/c/lish-moa/discussion/201510
https://cloud.google.com/blog/products/ai-machine-learning/ml-model-tabnet-is-easy-to-use-on-cloud-ai-platform

. TabNet : main Concept

% Tree 7|4 BRIO| M ME! EXS Y| EQT 0| WS Tajd B

o 71SOFK] 2 Raw Data®i| A GradientE 7|dtet XX otE A2 2 =M End-to-End SH&2 &9

« Sequential attention mechanism= AHE5H0] Z2O| 451 sfjAd 0|2 2Hat

o O
. o
Sparse Feature Selection SZ} 212
Input features
age workclass education marital.status occupation relationship race sex capital.gain capital.loss hours.per.week native.country
39 Private Prof-school Married-civ-spouse  Prof-specialty Husband Asian-Pac-Islander Male 0 2415 67 India

Professional occupation related

Investment related

T st e e e Teeme'r .
’ Feedback from . : . - Feedback to"
praviousstep | Feature selection — Input p]ocessmg }—» Feature selection —»{ Input processing s

4 l

l Aggregate information ‘ ]

I~\ ---------------------------------------------------------------------------------------- i --------------------------------------------------------------------------- "

Predicted output (whether the income level >$50k)

oy~ elk=1
O
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. TabNet : Feature Selection

< (2 A1) Conventional DNN 2E 09 2 Tree?l SAISH HEHQ| AN ZAA IS MM

* sparse instance-wise feature selection learned from data
« constructs a sequential multi-step architecture, where each step contributes to a portion of the decision
based on the selected features

* improves the learning capacity via nonlinear processing of the selected features

Conventional DNN =51} Tree2| Z7d 44| H|w
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. TabNet . Encoding architecture

7} Ot THA| Mask <t
AZSIO] THAHE E 2k5H= gradient boostingO| A L= 7=
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« Sequential Approach: 2 & & g5 o
« Feature Selection: feature transformer2t attentive transformer 252 1510 XX maskE <
Tabnet Encoding architecture Gradient Boost
_________ Stepl . _Sp2
v : —l:}—'Output
! M |
li . li EI — g _f : MODEL :r::... M
: : el S s
Feature E Feature -:-'. L”: '_' -..: o I—rl . ’ o m vee
transformer E transformer ii 7 | .. .".. .' ...,' ......?
'l Attentive ::; Attentive E
EM :E transformer ' ‘ ‘
S ——— U || T ! —
-
E‘j Agg. Agg. —
Features EDICTION
®

=2 g
* https;//bradleyboehmke github.io/HOML/gbmhtml
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https://bradleyboehmke.github.io/HOML/gbm.html

. TabNet - Encoding architecture

+* Feature Transformer: MEHEl feature2 H&5| 0 %517| $I8t embedding 715

« Ghost Batch Norm(BNZ E7|&h
. batchE 2%t nano batch A2 2 &2 F7t — XY XM=} 0| — large batch size2 St&S T

N EAF
» Gated Linear Unit(GLU). O] layer0fl A MEE|= ME 37| X 0{5H= I

o

0ot

Ghost Batch Norm Gated Linear Unit
— Nano { BN Input
Large | | | == Conv 1D Conv 1D
Batch Nano BN » =5 | 4 1] 4 |
— Nano H BN

Feature
transformer

Output

=~ oTk=1
— O

Data Mining
o.:.o Quality Analytics

Ho




. TabNet . Encoding architecture

<+ Attentive Transformer: B~ JEH

* Prior Scales: if1W| THA|O|A] B=2| S5 HIH O£ E
MERZ| H=0| HIYE0| ™X
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« Sparsemax: softmax &= CiH| sparsity7} =

Prior Scales
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. TabNet . Encoding architecture

% Sparsemax 2t A3

e} o = = A =< AL
- ot He| | M= CHE S22 n7l| ==X} B 0| A sparsemax 2H=2| Z 1} H| 1w
° I:él-l—cl)—l |‘ %OEI-CI)-HE E'” Ol E.‘I 7|‘ E‘é‘k%#—% O Id% Hl%Ol ELI:Elol-XI:I Algorithm 1 Sparsemax Evaluation
Input: z
Sort z as z(1y) > ... 2 (k)
Find k(z) := max {L‘ K] | 1+kzp) >3 :Ul}
Define 7(z) = —(Z”*;’\j‘zf'“)”
Output: ps.t. p; = [2; — 7(2)]+.
np.arange(-1, 1, 0.05) np.arange(-1, 1, 0.01) np.arange(-1, 1, 0.001)
0.40 0200
0.35 0175 ne
030 0.150 0.05
025 0.125 .04
0.20 0100 003
015 0075
0.02
0.10 0.050
0.05 0.025 001
0.00 0.000 0.00
-1.00 -0.75 —050 -0.25 000 025 050 075 100 -100 -075 050 —0.25 000 025 050 075 100 -100 —075 —0.50 -0.25 000 025 050 075 100
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. TabNet . Encoding architecture

< Entmax St

* A sparse family of probability mappings and corresponding loss functions,

generalizing softmax / cross-entropy

1.0 a = 1 (softmax) / P
a=1.25 / s
--a=15 A
o = 2 (sparsemax) | /¢
o e
0.5 1 a =4 ,,,
7|
7|
7
s [
7 /
,/‘ /
0'0 L ---I-’ 1 1
-2 0 2
t

Figure 3: Illustration of entmax in the two-dimensional
case a-entmax([t,0]);. All mappings except softmax
saturate at t = +1/a—1. While sparsemax is piecewise
linear, mappings with 1 < & < 2 have smooth corners.

* https;//housekdkgitbookio/ml/mlAabular/tabnet-overview
* https;//github.com/deep-spin/entmax
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: import torch

2]: from torch.nn.functional import softmax

2]: from entmax import sparsemax, entmax15, entmax_bisect

In [4]:

In [5]:
Out[5]:

In [6]:
Out[6]:

In [7]:
Out[7]:

x = torch.tensor([-2, @, 8.5])

softmax(x, di
tensor([0.048 #.3592, 8.5922])

sparsemax( dim=0)
tensor([©.0008, 0.2500, B8.7500])

entmax15(x, dim=@)
tensor([@.0000, ©.3260, @.6740])



https://housekdk.gitbook.io/ml/ml/tabular/tabnet-overview
https://github.com/deep-spin/entmax

. TabNet . Decoding architecture

% Semi-supervised Learning
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Sparsemax &1 2|S Sparsemax vs Softmax

= oy el Unsupervised pre-training Supervised fine-tuning
‘ 1 # 1 # Age Cap.gain  Education Occupation  Gender Relationship Age Cap.gain  Education Occupation  Gender Relationship
= 53 200000 ? Exec-managerial F Wife 60 200000 Bachelors Exec-managerial M Husband
. z G 19 o ? Farming-fishing M 7 23 o High-school | Farming:fishing M Unmarried
- ? 5000 Doctorate Prof-specialty M Husband 45 5000 Doctorate Prof-specialty M Husband
25 ? ? Handlers-cleaners F Wife 23 0 High-school | Handlers-cleaners F Wife
59 300000 Bachelors ? ? Husband 56 300000 Bachelors Exec-managerial M Husband
EnCOded representatlon 33 0 Bachelors ? F ? 38 10000 Bachelors Prof-specialty F Wife
7 0 High-school Armed-Farces. 7 Husband 23 0 High-school Armed-Farces M Husband
sse
__________________________
! TabNet encoder TabNet encoder

L b

TabNet decoder

Decision making

Feature

1

1

1

1

1

Feature !
transformer ! eee

1

1

1

1

1

1

1 1
1 1
1 1
1 1
1 1
1 1
1 1
: transformer :
1 I
1 1
1 1
1 1
1 1
1 I

.

Income > $50k

Age Cap.gain  Education Occupation  Gender Relationship

Masters True
High-school Unmarried False
43 True
0 High-school F False

Exec-managerial M True

Reconstructed Adm-clerical Wife True
N\ *** T/ features E M P

* L= |
—
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. TabNet - Interpretation
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< Attentive Transformer2| Mask3Z}

A
= O|O|E{0f| CHSH 2t attentive transformer THA|O| Al mask & = E4ds} H|l82 HTI6HH
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Feature Importance Masks
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. TabNet : performance

< C}F=9| Tabular DatasetOl|A]l 45 M|

« =& (Forest Cover Type) H 2|7| EX|(Sarcos)H| M tree2 & CHH| H& 2|

=
« 105 M AIO|=2| Higgs Boson datasetOf| Al = pretraining2| 52 F7t 258

Higas Boston dataset Forest Cover Type dataset Sarcos
(Dua and Graff 2017) (Dua and Graff 2017) (Vijayakumar and Schaal 2000)
Model Test ace. (%) | Model size Model lest accuracy (%) Model Test MSE | Model size
Sparse evolutionary MLP 7847 81K XGBoost 39.34 Random forest 2.39 16.7K
Gradient boosted tree-S 7422 0.12M LightGBM 89.28 Stochastic DT 211 28K
Gradient boosted tree-M 75.97 0.69M CatBoost 85.14 MLP 2.13 0.14M
MLP 78.44 2.04M AutoML Tables 94.95 Adaptive neural tree 1.23 0.60M
Gradient boosted tree-L 7698 6.96M TabNet 96.99 Gradient boosted tree .44 0.99M
TabNet-S 78.25 81K TabNet-S 1.25 6.3K
TabNet-M 78.84 0.66M TabNet-M 0.28 0.59M
— — TabNet-L 0.14 1.73M
raining Test accuracy (%)
dataset size Supervised With pre-training
Tk 57T4T X 1.78 61.37 £0.88 |
10k 66.66 + 0.88 68.06 = 0.39
100k 7292 £ 0.21 73.19 = 0.15

* L= = |
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TabNet : Limitation

 Tabular Data: Deep Learning is Not All You Need

o SAUSHH|O|EH 2 47}9] tabular datag E!

Test results on tabular datasets

Name Rossman CoverType Higgs Gas Eye Gesture YearPrediction MSLR Epsilon Shrutime Blastchar
XGBoost 490.18 3.13 21.62 2,18 56.07 80.64 77.98 55.43 11.12 13.82 20.39
NODE 488.59 4.15 21.19 217 68.35 92.12 76.39 55.72 10.39 14.61 21.40
DNF-Net 503.83 396 23.68 1.44 68.38 86.98 81.21 56.83 12.23 16.80 27.91
TabNet 485.12 3.01 21.14 1.92 67.13 96.42 83.19 56.04 11.92 14.94 23.72
1D-CNN 493.81 351 2233 1.79 67.90 97.89 78.94 55.97 11.08 15.31 24.68
Simple Ensemble 488.57 3.19 2246 2.36 58.72 89.45 78.01 55.46 11.07 13.61 21.18
Deep Ensemble w/o XGBoost 489.94 3.52 2241 1.98 69.28 93.50 78.99 55.59 10.95 14.69 24.25
Deep Ensemble w XGBoost 485.33 2,99 2234 1.69 5943 78.93 76.19 55.38 11.18 13.10 20.18
TabNet DNF-Net NODE New datasets
* L_E_ I
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