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2.3. Word2Vec
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FrAFeFT}.
Word2Vece BlAE dolEHE ulglo g 7+ tho]o] ougL d<al=
WHo, of| F owolrh ALgEE Weto] wsetd o oofu] EE fa)
3}t ‘distributional hypothesis’[8]e] 7]k 3k},
Word2Vec R &2 FAFSE Mol A ALgH dol59 dwdo]
L5 35S TRt dE 50, Hlsd WA AL EHE o

o]
‘hotel’?} ‘motel’e] Auld 7+ Ag(cosine Ad])e, 212X &L F o
el ‘hotel’#} ‘sheep’®] AHld T+ A-Hth 7HgA Shs5E o

W(t)
Vocabulary Size
olof1]o]o]o]o]o0] r \
Decoding wl o w2 w3 wd ws wb w7 ws
Layer 08 [ 09 | 05 | 13 | 08 |00 | 11 | -04
I ‘ [> 04 | 02 | 02 | 03 | 15 | 02 | 16 | 09 Embedding
Dim
Embedding 12 | 43| 08 | 16 | 02 | 02 | 05 | 09
Layer

Learned Distributed Representations

|0‘1|0‘1‘0‘1‘1|0| of Word Vectors

WE2) | | W1y | w1 | | wig+2)

[79 5] CBOW =24
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A= I THIA=AY HEE vFoR Wojo IS TFdt
[29 5]9 %2 Word2Vec 8t5s 93 249 < syl Continous
Bag of Words(CBOW) R 99| Fxojtf, 2edle 1702 hidden layer<
7FA™  input layerol] 4] hidden layer® <IZ% = embedding layer,
hidden layer®l A output layer®Z <1Z2%+= decoding layerE 7FxIt},
hidden layerolA] activation function< AF&3}#] o™ output layerol
M= softmaxsE Sall e 7hed e dolE oS3

o5 FA o2 xdsd v #rh VE vocabulary9 size, kE 9
2o window size, dE& wWol Jugel Aol Rz o
z(eRV N 2T1=1)= Vx99 one-hot encoding®Z ZHETH tHA
dols FAOR 3 W (1, w T Ty Ty 7F AT BEAL
a8l 299 inpute x5 AL, e 2k7) FH gt
9] target> 7} @}

299 embedding layer® E(€ERYV)gtxm stH, 24932 p(eRYY
= 54 (22)8 Zo] Fo1Z ) Decoding layerE D(E
HA ojo] )35+ decoding layer?] EHE = voji} 3hAL
g oholl el jHA dolE et Jhed "oz 5 g5 4
(2.3)3 o] Fojzth BdlS output layerd &2 WE ¢} target WE

7kl cross entropy lossZ £3] sh5E T}

1
h= %E@hk‘k%f(k’—n totm g ta g tetr gty ,) (22)

exp(h"v )

, (2.3)
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3. AL HE

Notations

a1 #Instances x: training input(e {0, 1}, 71,2 n-1)
n: #Variables (7= g+ foap) v training target(e {0, 1)", »T1,=1)

H gy #Continuous variables W - Embedding layer weight(e & #¥)

ne-47 : #Categorical variables ;- Decoding layer weight (e & ¥4

1§1]

Voo {-th continuous variable by: Decoding layer bias (e 7 Ny

=1, a0y Bm k-th Basic interval of V?ON
&T J-th categorical variable k=1, .., B

(=1, ., dcar) MY - Pairwise distance matrix( & f ©*%)
|2, -1 #Category in 2, W[B1: Embedding of B ( £ 9)

N: Dimension of dummy coded data

[Z23 6] Aot H e notation



Pseudo Code of Proposed method

Model Input
- D:Original data (= R%*4)
- A:#Basic intervals
- n_epoch: #Epochs to train model
- d: Embedding dimension

Model Output
- Intervals(Discretization result)

def discretize( [):
(Step 1) Discretize continuous variables into basic intervals

for jin[l. ... ngol:

6]

Discretize W into X basic intervals

Make 2Fu27 (< {0,1}7 *™) with D
(Step 2) Learn embeddings of basic intervals
for epoch in range(1, n_epoch):
for instance in ™™™
Generate training inputs, targets (£, #1), .., (x*, ¥4} from instance
Predict y with 3 = softmax{ W, Wzx + bp)

Compute Loss and Update Model Parameters

(Step 3) Merge similar basic intervals

for fin[l. ... -]

Compute pairwise distance matrix A7 for WE[B(I’)], - WE[B(;?]

Cluster and merge basic intervals for V?ON

return Intervals

(28 7] AeHEH 2] pseudo code
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| & %t pairwise distance matrix

a2 M= ey e sgow AXET WA, Embedding layer
weight Wy(ERT* M| dug 2 BV o ks w91hel] oS
H wlE (e eke] s Wy[BY] ) Ak
WE[Bk(-i)](k:L---,K)%@] )3l pairwise distanceE A4tst7] H, ¢
2~ ERS FAAI7] 98 W,[B| Sl Wal Kernel PCA(cosine
kernel) & #8314 noiseE A AT 2 AWML denoising I ol A
2AgoR Zadm, o 47 W, wle sA. 1EW pairwise

distance matrix M?¢] 7+ A& (a,b)= 42 (3.2)8F o] AALHT}

M(i,), = C0S (w(i), w,(i) ), where a,bE 1, ..., K (3.2)
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[ 1] 22 dolEo] EAste £ AAld o]y

#Categorical #Continuous
Dataset #Instance Variable Variable #Class
Creditl 654 9 6 2
Credit2 1,000 13 7 2
Bank
. 41,188 10 10 2
Marketing
Adult 48,842 8 6 4
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[3£ 3] o]4kst W ¥ dAg o]Fe] &7 e (UCI tolH)

Dataset Method DT LR RF
MVD 54.8 55.4 50.8™
UCPD 54.8 55.8 49.7
Adult IPD 555 56.3 49.4
Undiscretized 56.3 53.8 51.5
Proposed 56.1% 57.1% 50.0
MVD 815 849 83.0
UCPD 81.8 84.4 84.3
Creditl IPD 82.4 84.0 85.2
Undiscretized 82.3 849 85.3
Proposed 85.7% 85.5™ 85.8™
MVD 69.9 74.0 73.7%
UCPD 71.9% 75.0% 725
Credit2 IPD 71.4 747 73.2
Undiscretized 71.1 749 74.1
Proposed 70.4 74.1 736
MVD 70.2 738 57.3
Bank UCPD 717 . 0.0 . 66.6
Marketing IPD 76.6 81.6 66.2
Undiscretized 76.6 83.8 68.4
Proposed 75 5 76.8 74.2%)
_ B RAdTe Mt ES A4S
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Method L THTA B olug wy v uw
MVD 0 2
UCPD 2 2
IPD 2 2
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Undiscretized 5 -
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Abstract

Multivariate Discretization
through Interval-wise
Embedding and Clustering of
Continuous Variables

Taewook Kim
Department of Industrial Engineering
The Graduate School

Seoul National University

Discretization is a data preprocessing method that converts continuous
variables into discrete variables. The purpose of discretization is for
interpretable machine learning. In domains such as medical and
insurance where machine learning models are used for decision making,
interpretability of the model is critical. In these domains, interpretable
models such as associative classifier and decision tree are widely used,
and they require continuous inputs to be discretized. The result of
discretization has a great influence on prediction performance and
interpretability of the model. Therefore, sophisticated discretization
method is the crucial step for interpretable machine learning. In this
study, I proposed an unsupervised multivariate discretization method
which is based on embedding technique. Unsupervised multivariate
discretization methods do not require class variable and preserve
Interactions among variables. They can be used as a preprocessing
method for unsupervised learning such as association mining or

anomaly detection. Also, they can be used for supervised learning such
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as classification and prediction. However, existing methods have
limitations that they are not able to preserve the interaction between
continuous variables and categorical variables. Given that the data from
almost any domains, such as manufacturing, healthcare, and insurance,
is mixed type, it may be problematic if discretization method is unable
to handle mixed data. The proposed method solves this problem
through embedding technique. First, each continuous variable 1is
discretized into basic intervals. Then, the embedding of each basic
interval is learned by exploiting the interaction among variables.
Finally, clustering is performed on the learned embeddings to merge
similar basic intervals. Experimental results show that the proposed
method can preserve the interactions among variables. Furthermore, it
1S possible to preserve the interactions between continuous variables
and categorical variables, unlike the existing methods. Considering that
the data analyzed in almost any domains are mixed type, I expect that
the proposed method can be used in various domains where the

interpretable model 1s required.

Keywords: multivariate discretization, embedding, mixed data
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