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Sentiment representation learning _ Gender classification
Sentiment LSTM model
() Output: sentiment polarity Classification result
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Segmented micro-blog posts

post 1: p1,1 Virtual document matrix
User 1 post.;' pl,a matrix 1: x1
’ vi1 Virtual document vector
| VL2
st1:p2,1 User 1~n| ¥
User 2 po P User 17n | v [606009] m
post b: p2,b vir '
’ |
|
post1:pn,l
Usern average
postc:pn,c WCUt off or fill zero g
l combine

) Raw matrix of virtual document
User virtual document

raw matrix 1 raw matrix 2 raw matrix n

User1 | virtualdoc:dl wiiwi,2=wid | it v21 vn1
word2vec | v:2[000000]| |v22

User 2 ‘ vitual doc: d2  w2,1 w2,2 --- w2,e v,3 wnf

vid

vie
Usern ‘ virtual doc:dn wn,1, wn,2 === wn,f ‘
User 1 User 2 User n
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Classification result
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MLP ocutput layer
F Y
dense layer 2
Sentiment LSTM madel A
i — Sentiment dropout
- * - = representation 1 f
dense layer ————— - - - - 1 denselaver 1
F'y '—|=-| I 5
dropout | input layer
A ' |
Istm layer 5] : L
* w—————A —_
input layer Sentiment :- = lu-auou-uu-uuon] -H
T representation 2 : concatenated feature 1
i
| [
A—3 (555000550560
T | 28000000000

concatenated feature 2

Virtual document vector

virtual document matrix
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Algorithm 1 SRL-MLP

Input:

(2) (eigly - _ .
”,w ig 1 W }, 1=1.2,..n;

Segmented source domain documents dy = {u“hwfh " }f"j}, k=12....m

Segmented user micro-blog posts p; ; = {w

Output:

1:

Output: Gender of user 1, Gi.

Documents vector representation;

1.1 Assemble user posts to form user virtual document:

"i: = {Pi,l s Pi2s e Piogy "':-pf,ﬂ}'. =1, 2: weey TH

Regardless of which post the word comes from, renumber the word:

di = {wf”,w_izj..L.... ch"j}.. i=1,2 ..n

1.2 Vectorize each word in virtual document to form raw matrix of document by
wnrdﬂvec.[ﬂl. including micro-blog and source domain data.

X; = {v“:'.. vtl-ﬂj, hv':c‘ hi=1,2,.,nx, = {vi”..vfj.. V',:f"’j}.. k=1,2,...m
1.3 Make average micro-blog word x’ectnrs

vi= 2w v i v = v v v

1.4 Cut off or ﬁll zero to make document matrices having same shape d = r:

X = {v“j.. tl-zj_...., _EH},E =12, ....n xx = {Vm ,Em, k }_..1: =1,2,....m
LSTM Sentiment representation learnlng,

2.1 Select high similarity source domain data to be new source domain data D.:
D, + {xkryklﬁ E?=l Sfﬂf[x'i-'. x?f,l:l >a,ag {D: 1]};

2.2 Using source domain data D, to train a LSTM sentiment model.

2.3 Put target domain data D; = {z;},i = 1,2, ..., n, into LSTM, for each x; get
its Istm layer output h; to be our target domain sentiment representation:

MLP gender classification;

3.1 Concatenate vi and h; to be final features fi:

£; = (vI,h)7;

3.2 Input f; to MLP, get (;:

Gi = f(Wfi + b);

4: return G 14
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Word representation  Accuracy(%)

TF-IDF 82.71
Keywords TF-IDF 80.49
LDA 7915
Average word2vec 84.20

Average wordZvec + LA LENI)I
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Classifiers Acecuracy(%)
Logistic Regression 67.06
Random Forest 72.15
Support Vector Machine T6.34
I MLFP 84.20
CNN 74.21
LSTM T3.67
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train LSTM on added features accuracy(%)
frozen lstm =m.00
entire JD reviews frozen dense 87.98

finetuned lstm =26.05

frozen lstm 20,73

high similarity JD reviews frozen dense 88.45
finetuned Istm B7.38

entire JD reviews frozen lstm RE.8T

and frozen dense 88.13

manually labeled micro-blog finetuned lstm BG6.75
high similarity JD reviews  frozen lstm 80.31
and frozen dense 80.26

manually labeled micro-blog finetuned lstm R7.22
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- Using Sentiment Representation Learning to
Enhance Gender Classification for User
Profiling
— https://arxiv.org/abs/1810.06645
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model . add
model . add
model . add
model . add

classes =

o

S AIEA Rl

print( Build model...")
model = Sequential()
model . add( Embedding(len(dict)+1, 256))

LSTM({128)) # try using a GRU instead, for fun
Dropout(@.5))
Dense(l))

Activation('sigmoid'))

model .compile(loss="binary crossentropy’, optimizer='adam', metrics=['accuracy’

model.fit(x, y, batch size=16, nb_epoch=1@) #illl&A4EA3EF 1|0

model.predict_classes(xt)

acc = np_utils.accuracy(classes, yt)

print( Test accuracy:', acc)
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