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Understanding Tabular Data

% Understanding Tabular Data
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Understanding Tabular Data

% Why is it hard to model deep learning methods to tabular data?
. N s 7 HE ™ CHYM (heterogeneity of individual features)
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DL for NLP/CV researchers: "Here is our new DL for tabular data researchers: "Here is our
large model. We trained it on sum total of all new tabular SOTA NN model. We trained it on
human knowledge, using half of all 300 rows and 5 columns. Some guy on
computational resources ever made. It Twitter beat it ten seconds using logistic
required enough energy to power a small regression trained by a bunch of pigeons on

country for a year. We honestly can't tell for
sure if it's conscious."
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% Why should we generate the tabular data?
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Understanding Tabular Data
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Understanding Generative Models for Discrete Data

X/

% Existing Discrete Generative Models
« VAE : autoencoder with gaussian prior
* Flow based model : reversible transformation

« GAN : distribution matching with a discriminator

% Existing best model for generating discrete data

« Autoregressive models with Transformers (e.g., GPT and other language models)

X1 X2 X3 X4 X5 X6 X7 Xg X9 end
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Understanding Generative Models for Discrete Data
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% What about diffusion models?

« Computation and memory

Data Mining
Quality Analytics
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Fig. 2. The Markov chain of forward (reverse) diffusion process of generating a
sample by slowly adding (removing) noise. (Image source: Ho et al. 2020 with
a few additional annotations)




I Introduction

Understanding Generative Models for Discrete Data

% Can we model discrete data with diffusion models?

« Diffusion model : Continuous$t H|O|E1E X2|5t1 2
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- tabular data Of|A] discrete H|O|El= HFS HEE o[0|&t
Survived Pclass Sex Parch Fare Embarked Survived Pclass Sex Parch Fare Embarked
0 0 3 Male 0 7.25 S 0 0 3 Male 0 7.25 S
1 1 1 Female 0 71.28 C 1 1 1 Female 0 71.28 C
2 1 3 Male 0 7.92 S ‘ 2 1 3 Male 0 7.92 S
98 1 2 Female 1 23.10 S 998 1 3 Female 1 46.10 C
99 0 2 male 0 16.00 S 999 1 1 Male 0 24.23 S
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B Multinomial Diffusion

Learning Categorical Distributions
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% Argmax Flows and Multinomial Diffusion: Learning Categorical Distributions(NeurIPS, 2021)

« Motivation : categorical datag XMZEsH| CtE= MHDHZS S0 EX}
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% Argmax Flows and Multinomial Diffusion: Learning Categorical Distributions(NeurIPS, 2021)

Categorical datag CtE= CHE REE HHES S}

Argmax Flows and Multinomial Diffusion:
Learning Categorical Distributions

Discrete

Emiel Hoogeboom'*, Didrik Nielsen®*, Priyank Jaini', Patrick Forré’, Max Welling'
UvA-Bosch Delta Lab, University of Amsterdam’,
Technical University of Denmark?, University of Amsterdam®
didni@dtu.dk, e.hoogeboom@uva.nl, p.jaini@uva.nl,
p.d. forre@uva.nl, m.welling@uva.nl

Our focus
a4 )

Ordinal Categorical

Abstract

Generative flows and diffusion models have been predominantly trained on ordinal
data, for example natural images. This paper introduces two extensions of flows
and diffusion for categerical data such as language or image segmentation: Argmax
Flows and Multinomial Diffusion. Argmax Flows are defined by a composition of
a continuous distribution (such as a normalizing flow), and an argmax function.
To optimize this model, we learn a probabilistic inverse for the argmax that lifts
the categorical data to a continuous space. Multinomial Diffusion gradually adds
categorical noise in a diffusion process, for which the generative denoising process
is learned. We demonstrate that our method outperforms existing dequantization
approaches on text modelling and modelling on image segmentation maps in
log-likelihood.

*  Ordered Categories * Unordered Categories
* Images, audio, etc * Text, molecules, etc

- _/
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* Argmax Flow
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% Argmax Flows and Multinomial Diffusion: Learning Categorical Distributions(NeurIPS, 2021)

* Gaussian Diffusion xXr
Fixed noising process : q(xPe—1) = N(x:;+/1—Brxe—q , B)

Learnable denoising process: p(x_1p¢) = N(x—q; o (%) , Zo (%))

Simple objective function : p(xr_q|x7) q(xr| 2%r—1)
2
Lsimpie(0): = Epxy el||€ — €0(Texo + /1 — @z, t)]| ]
Pt ‘ | 9(\/_t ° ‘ )|| p(xr_z| x7—1) q(r—1|xr—2)
Efficient training by sampling, using that: E
p(xo | 1) q(x1| %)
q(x:%o) .
Closed-form Gaussian y

q(xe—1 bz X%o) @
e

X0
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% Argmax Flows and Multinomial Diffusion: Learning Categorical Distributions(NeurIPS, 2021)

* Multinomial Diffusion
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Argmax Flows and Multinomial Diffusion: Learning Categorical Distributions(NeurlPS, 2021)

* Multinomial Diffusion
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Leam the generative model by denoising

Hoogeboom, E., Nielsen, D., Jaini, P., Forré, P., & Welling, M. (2021). Argmax flows and multinomial diffusion: Learning categorical distributions. Advances in Neural Information
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% Argmax Flows and Multinomial Diffusion: Learning Categorical Distributions(NeurIPS, 2021)

* Multinomial Diffusion

v Noising / Denoising process

B: : chance of resampling a category uniformly
Cat : a categorical distribution with probability parameters after |

K : number of classes

Destroy :q(x¢b—1) = Cat (xt |(1=B) X Iit)
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Leam to denoise : p(x;—1 ) = Cat (xt—l 1Bpost (Xt %) ) where Xy = (X, t)
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% Argmax Flows and Multinomial Diffusion: Learning Categorical Distributions(NeurIPS, 2021)
* Multinomial Diffusion

Fixed noising process : q(x|x—) = Cat (xt [(1—=B) x4 + [)’t%)

Learnable denoising process: p(x_1 ) = Cat (x—1 | me(2, %) ), where Xy = p(x;, t)

Objective function:

KL([q(xt—1lxe, x0) |p(xe—1lxr)) = KL(Cat( ﬂe(xt,xo))ICat( ﬂe(xt;fo)))

Efficient training by sampling, using that:

q(x o) :
Closed-form Categoricals
q(xe-1 1% %)
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% Argmax Flows and Multinomial Diffusion: Learning Categorical Distributions(NeurIPS, 2021)
* Results
v’ Categorical 22 E a&5t= WHE Kot
au

v Standard ARM, continuous autoregressive models, non autoregressive model 252t H| w6

A L Ji=2 slo
ot 452 M= A= 22l
mexico ecity the aztec stadium_estadj:.o azteca_home of elub a.mer.i.ca is on
Table 3: Comparison of different methods on text8 and enwik8. Results are reported in negative ﬁ;’inzhie}’zﬁﬁri i;‘igﬁ;ﬁ*iﬁ;ﬁ”ﬁ;ﬁ;ﬁ ﬁi‘;’i‘ﬁét{h';°£2§i§;}§pf,2§ﬂa§ﬁ§’iﬁ
log-likelihood with units bits per character (bpe) for text8 and bits per raw byte (bpb) for enwiks. one nine seven zero and one nine eight six
Model type Model text8 (bpc)  enwik8 (bph)
(a) Ground truth sequence from text8.
ARM 64 Layer Transformer (Al-Rfou et al., 2019) 1.13 1.06
: TransformerXL (Dxai et al., 2019) 1.08 0.99 mexico citi the aztec stadium estadio azteca home of clup amerika is on
e of the world s largest stadioms w::.th capakity to seat appros.i.matel:,r.o
AF/AF* (AR) (Ziegler and Rush, 2019 162 172 "ne mine: seven sens.sna one mpne-sigee ala o oA HeLLe cup e
VAE IAF / SCF* (Ziegler and Rush, 2019) 1.88 2.03
CategoricalNF (AR) (Lippe and Gavves, 20200 1.45 -
= (AR) (Lippe and Gavves, 2020) (b) Corrupted sentence.
Generative Flow Argmax Flow, AR (ours) 1.39 142 i ity th £ tadi tadi t h £ elub ica i
. mexico CX 2 aztef stadlum estadlc aztecs ome o [+ america 15 on
.-'-‘Lrgnmx C‘Juplmg Flow (ours) 1.82 1.93 e of the wzrld s largest stadiums with capacity to seat approximately o
. K . K N N — ne one zerc zero zero zero fans mexico hosted the football werld cup in
Diffusion Multinomial Text Diffusion (ours) 1.72 1.75 one nine seven zerc and one nine eight six
(c) Suggested, prediction by the model.
.\ DOTO_ Mining _ Hoogeboom, E., Nielsen, D., Jaini, P., Forré, P., & Welling, M. (2021). Argmax flows and multinomial diffusion: Learning categorical distributions. Advances in Neural Information 21
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Diffusion Model based on Tabular Data

Generating Tabular Data

< TabDDPM : Modeling Tabular Data with Diffusion Models(2023, ICML)
« Motivation : ¥8t™ tabular 2MES ¢St DDPM 7|8t9] diffusion frameworkE X|Qtol 2 X}

« Idea: Multinomial diffusionS &&6t0 22| HI0|E 222t FAtet HE{ 2| AHE 2 tabular H|O|EE Mo X}

TABDDPM: MODELLING TABULAR DATA WITH
DIFFUSION MODELS

Akim Kotelnikov Dmitry Baranchuk Ivan Rubachev Artem Babenko
HSE, Yandex Yandex HSE, Yandex Yandex
ya@akotelnikov.ru

ABSTRACT

Denoising diffusion probabilistic models are currently becoming the leading
paradigm of generative modeling for many important data modalities. Being the
most prevalent in the computer vision community, diffusion models have also
recently gained some attention in other domains, including speech, NLP, and
graph-like data. In this work, we investigate if the framework of diffusion mod-
els can be advantageous for general tabular problems, where datapoints are typi-
cally represented by vectors of heterogeneous features. The inherent heterogene-
ity of tabular data makes it quite challenging for accurate modeling, since the
individual features can be of completely different nature, ie., some of them can
be continuous and some of them can be discrete. To address such data types,
we introduce TabDDPM a diffusion model that can be universally applied
to any tabular dataset and handles any type of feature. We extensively eval-
uate TabDDPM on a wide set of benchmarks and demonstrate its superiority
over existing GAN/VAE alternatives, which is consistent with the advantage of
diffusion models in other fields. Additionally, we show that TabDDPM is eli-
gible for privacy-oriented setups, where the original datapoints cannot be pub-
licly shared. The source code of TabDDPM and our experiments is available at
https://github.com/rotot0/tab—ddpm.

.\ Data Mining Kotelnikov, A., Baranchuk, D., Rubachev, I., & Babenko, A. (2023, July). Tabddpm: Modelling tabular data with diffusion models. In International Conference on Machine Learning (pp.
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< TabDDPM : Modeling Tabular Data with Diffusion Models(2023, ICML)
* Model structure LymPe = Eyx,eclle — €9(x, t)|5 : Gaussian diffusion term

Ly = KL{q(xcf_q|xf x6) | o (xi_q|xD)] : Multinomial diffusion term

Noise Xinput Xoutput
(08 12 03
&
Xnum < -3.0 Enuml——» -2.5 Ruidlg » [0.28
1.2 1.3 0.1
Xear1 A —3 1 —€cati—> 0.6 VLP Ecatly 0.2
one-hot —s >
Xcat2 <> encoding 0 0.4 0.8
0 0.2 0.1
€cat2g R
0 ——€catz—> 0.1 >10.2
1 0.7 0.7

.\ Data Mining Kotelnikov, A., Baranchuk, D., Rubachev, I., & Babenko, A. (2023, July). Tabddpm: Modelling tabular data with diffusion models. In International Conference on Machine Learning (pp.
o‘. Quallity Anailytics 17564-17579). PMLR.
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% TabDDPM : Modeling Tabular Data with Diffusion Models(2023, ICML)

« Experiments 1) Qualitative comparison (TabDDPM , CTABGAN+, TVAE 7|8t G|O|E{ AN 2 H|W)

Data Mining
Quallity Analytics 17564-17579). PMLR.
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‘ cuarlif s,

BU. cat_feature 0
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11

11

W Feal DDPM

B Real CTABGAN+

B Fea TVAE

B Fea DDPM

W Feal CTABGAN+

P | e oo | s
AD. cat_feature 3 CH. num_feature 4
||| |‘I| H”HI” HI”H[IH ‘ ‘ ‘ ‘ ‘
HO. num_feature 15 FB. num_feature 26
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< TabDDPM : Modeling Tabular Data with Diffusion Models(2023, ICML)

« Experiments 2) Machine Learning Efficiency

o [ [ o =
- HEPHO 2 SMOTE, TabDDPM 20| £2 458 JHRlE %8 &2l
AB (R2) AD (F1) BU {F1) CA (R2) CAR (F1) CH(F1) DE (F1) DI (F1)
TVAE 0433+ 008 0781+ o0z (LEGdE£ oo (O0.T52+£ om1 L7177+ .001 07324+ 006 006564+ .007 0.T14+ 0380
CTABGAN - 0.7T83+ ooz (LEGSH+ . oo - 0.717+.o00  LERE+ oo O0.Gdd+.011 0.T31+.022
CTABGANMN+ (0467 +.o0a 0.772+ .00 (LBS8d+ oo (0.525+ . o004 0.733+001 0702+ .01z 0.6864+ . o004 0.T34+ .0z0
SMOTE 0.549+ 008 0.79%1+.002 0891+ o0z 0.B40+ oor 0.732+.001 0.743+.0o00 0.683+ .00z (LGE3+.oar
TabDDPM 0.5560+.010 0.795+ o1 0.906+ . oo03 (0.836+ .00z 0.737T+.o01 0.TH5+ . 0o 0.691+ o004 0.T40+ . 020
Real 050+ 00a 0815+ o0z (0L906+.o02 O0.857V+.o01 (0.738+.o001 0740+ 000 O0GEE+ ooa (L785+.o12
FB | Rz) GE ( F1) HI { F1) HO Rz IN { Fez) Kl { fez) MI | F1) Wl (F1)
TYAE 0685+ 003 0Ouddd+ . oo L6338+ .00z 0,493+ 006 0.7844+.010 0.824d+ 003 0.9124 o001 0501+ .01z
CTABGAN - 0392+ oo (0.5T75+ . 004 - - — 85804+ ooz 0.906+ 0189
CTABGANS 005094+ 011 040G+ oo (LG6GLE ooz 0504+ oo 0.797+ o005 OL44dd4+ 014 08924 ooz (.T984 021
SMOTE 0.803+ o0z 0.658+ oor 0.T22+ o011 (0.662+ . 004 0.BlZ+ ooz 0.842+ ooa 0.9324 o001 0.913+ o007
TabD¥3PM 0.713+. 002 0597+ o006 0.T22+. o001 0.677T+.010 08094+ o0z 0.833+ 014 0.936+ o001 0.9044 o008
F=al 83T+ o001 0636+ . 007 (L724+ o001 0662+ onz 08144+ o010 00907+ .o02 09344+ oon  (LH984+ oos

Table 4: The values of machine learning efficiency computed with regards to the state-of-the-art

tuned CatBoost model.

Data Mining
Quallity Analytics 17564-17579). PMLR.
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< TabDDPM : Modeling Tabular Data with Diffusion Models(2023, ICML)

« Experiments 3) Privacy

H

- Distance to Closest Record(DCR) : A&|2| H|O|EZQIELQ} M= H|0|E{E2IETKX|S| 2|

- DCR 20| 2 £& privacy regulation 2X|E L[l HIO|E{E QAU AIEE £+ US
AB Al BL CA CAK CH DE 13l

SCOrE DCE sSCOre DCE ] (= DR SO0HE DR SCOTE DCE SCOrE DCR sCore DR SO0ME DR

SMOTE 00549 0,014 0.791 0.024 0.891 00054 00840 0.014 0.732 0,007 0743 0,077 00693 0027 00683 0,068
TabDODPM 0550 0,060 0.795 0.104 0,906 0.143 0.836 0,041 0.737 0,012 0.755 0,167 0.691 0.112 0.740 0.204

FB GE Hl HO IN Kl Ml Wi

SCOrE DCE sC0re DCE Tw ] (w DR SOHE DR SCOTE DCE sCOre DCR sCore DR sO0O0e DR

SMOTE 0.803 (0.027 0.658 0.023 (0.722 0.319 0.662 0.056 0.8312 0,030 0.842 0.066 0.832 0.016 0.913 0.007
TabDDPM 0.713 0.112 0.597 0.059 (0.722 0.449 0.677 0.086 0.20% 0.041 0.5233 0.189 0.036 0.022 0.904 0.016

Table 5: ML efficiency CatBoost scores and privacy scores for SMOTE and TabDDPM models.
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< TabDDPM : Modeling Tabular Data with Diffusion Models(2023, ICML)
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» Conclusion
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I Diffusion models

Toward categorical data generation
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I Diffusion Model based on Tabular Data

Missing Value Imputation

% How to fill the missing values in tabular data?
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Diffusion Model based on Tabular Data

Missing Value Imputation

% Diffusion model for missing value imputation in tabular data(2022, NeurlPS Workshop)
« Diffusion model& &&35t tabular O|0|E ZZX| imputation S
«  AAE H0|H imputation 242! CSDIE ™M& O|O|E| imputation Y72 =t

« (SDI= a4 #Ha3 OE o glhe elE 7

Diffusion models for missing value imputation in
tabular data

Shuhan Zheng* Nontawat Charoenphakdee
The University of Tokyo Preferred Networks
shuhanzheng@g.ecc.u-tokyo.ac. jp nontawat@preferred. jp
Abstract

Missing value imputation in machine learning is the task of estimating the missing
values in the dataset accurately using available information. In this task, several
deep generative modeling methods have been proposed and demonstrated their
usefulness, e.g., generative adversarial imputation networks. Recently, diffusion
models have gained popularity because of their effectiveness in the generative
modeling task in images, texts, audio, etc. To our knowledge, less attention
has been paid to the investigation of the effectiveness of diffusion models for
missing value imputation in tabular data. Based on recent development of diffusion
models for time-series data imputation, we propose a diffusion model approach
called “Conditional Score-based Diffusion Models for Tabular data” (TabCSDI).
To effectively handle categorical variables and numerical variables simultaneously,
we investigate three techniques: one-hot encoding, analog bits encoding, and
feature tokenization. Experimental results on benchmark datasets demonstrated the
effectiveness of TabCSDI compared with well-known existing methods, and also
emphasized the importance of the categorical embedding techniques.
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% Diffusion model for missing value imputation in tabular data(2022, NeurIPS Workshop)
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I Diffusion Model based on Tabular Data

Missing Value Imputation

% Diffusion model for missing value imputation in tabular data(2022, NeurlPS Workshop)
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Missing Value Imputation

% Diffusion model for missing value imputation in tabular data(2022, NeurlPS Workshop)
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(1) analog bits encoding (2) feature tokenization (3) one-hot encoding

Color Red Yellow Green
Red 1 0 0
Yellow ‘ 0 1 0
Yellow ] 0 1 0
Green 0 0 1
Red 1 0 0
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% Diffusion model for missing value imputation in tabular data(2022, NeurIPS Workshop)
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% Diffusion model for missing value imputation in tabular data(2022, NeurlPS Workshop)
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% Diffusion model for missing value imputation in tabular data(2022, NeurlPS Workshop)
« Experiments
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Table 1: RMSE and error rate performance for comparison methods on three mixed variable datasets.
Note that one-hot and analog bits are equivalent for a dataset without multi-categorical variables.

N

Data Mining
Quality Analytics

Diabetes COVID-19 Census
RMSE Error rate RMSE Error rate RMSE Error rate
Mean / Mode 0.222 (0.003) 0.260(0.004) 0.138 (0.002) 0.144 (0.002) 0.120(0.003) 0.424 (0.003)
MICE (linear) 0.263 (0.002) 0.270 (0.004) 0.125(0.003) 0.300(0.038) 0.101 (0.002) 0.530(0.01D)
MissForest 0.216 (0.003) 0.214 (0.001) 0.120 (0.002) 0.131 (0.002) 0.112 (0.004) 0.300 (0.014)
GAIN 0.202 (0.003) 0.282 (0.005) 0.127 (0.002) 0.217(0.011) 0.123(0.057) 0412 (0.012)
TabCSDI/ one-hot 0.197 (0.001) 0.222 (0.005) 0.122(0.003) 0.111 (0.012) 0.099 (0.004) 0.400 (0.033)
TabCSDI/ analog bits  0.197 (0.001) 0.222 (0.005) 0.122(0.003) 0.111 (0.012) 0.103 (0.004) 0.376(0.013)
TabCSDI/ FT 0.206 (0.002) 0.224 (0.004) 0.123 (0.002) 0.107 (0.002) 0.098 (0.003) 0.345 (0.002)

Table 2: RMSE performance of comparison methods on four pure numerical datasets.

Methods Wine Concrete Libras Breast

Mean 0.076 (0.003) 0.217 (0.007) 0.099 (0.001) 0.263 (0.009)
MICE (linear) 0.065 (0.003) 0.153 (0.006) 0.034 (0.001) 0.154 (0.011)
MissForest 0.060 (0.002) 0.173 (0.005) 0.024 (0.001) 0.163 (0.014)
GAIN 0.072 (0.004) 0.203 (0.007) 0.089 (0.006) 0.165 (0.006)
TabCSDI 0.065 (0.004) 0.131 (0.008) 0.011 (0.001) 0.153 (0.003)

Zheng, S., & Charoenphakdee, N. (2022). Diffusion models for missing value imputation in tabular data. Table Representation Learning Workshop at NeurlPS 2022
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Diffusion models for tabular data

% Argmax Flows and Multinomial Diffusion: Learning Categorical Distributions
«  Image segmentation, text 2} Z& categoricaldt MAE J7IX|= O|0|E{E 2|5t diffusion EIHE H|Ot

e Loss A A categoricaldt MEE HM|Zot= term 20

% TabDDPM : Modeling Tabular Data with Diffusion Models

-  Tabular data0il diffusion 2& HHES HE
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% Diffusion model for missing value imputation in tabular data
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