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CCA/KCCA for Domain Adapted Word Embeddings @ Experimental Set Up and Results

ABSTRACT:
Generic word embeddings are trained on large-scale generic corpora; Domain

o _ _ _ _ Data Sets:
Sp?CIfIC (DS) W(_)rd embeddings are trallned only on data from e domain Of lntergst. - Given vocabulary V, obtain corresponding generic and DS word -« Balanced data sets of 1000 reviews from Yelp, Amazon and IMDB. Reviews labeled ‘positive’
This poster outlines a method to combine the breadth of generic embeddings with ’ or ‘negative’.

embeddings W and W .
* Generic embeddings such as GloVe are obtained from optimized solvers
trained on a generic corpus like Wikipedia.
DS embeddings can be obtained from count based embedding Baseline Word Embeddings:
technigues such as Latent Semantic Analysis (LSA). « Generic embeddings: GloVe-Wiki (Glv), GloVe -Common Crawl (GIvCC), word2vec.
- Find a subspace such that correlations between W, and W, are - Domain Specific embeddings: Latent Semantic Analysis (LSA), re-trained word2vec

maximized. Projection directions into desired subspace can be obtained (DSw2v). | | | |
by solving the following optimization « concSVD: concatenation based baselines. Generic and DS embeddings are concatenated

and SVD is performed to obtain DA embeddings.

the specificity of domain specific embeddings. The resulting embeddings, called
Domain Adapted (DA) word embeddings are formed by aligning corresponding
word vectors using Canonical Correlation Analysis (CCA) or the related nonlinear
Kernel CCA. Evaluation results on sentiment classification tasks show that the DA
embeddings outperform both generic and DS embeddings when used as input
features to standard or state-of-the-art sentence encoding algorithms for
classification.

« Unbalanced A-CHESS data set consisting of 2500 text messages from an AA discussion
forum. 8% of messages are ‘threat’, i.e. indicative of relapse risk.

Introduction

Baseline Algorithms:

Standard classification: Text is expressed as weighted sum of constituent word embeddings.
InferSent: Bidirectional LSTM with max pooling, sentence encoder. This encoder is initialized
with generic and DA embedding and performance is compared.

« RNTN: Recursive Neural Tensor Network is a neural network based dependency parser for
sentiment classification.
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Motivation:

« Text data from applications yielding small sized data sets see a heavy influence of domain
semantics in language use.

 One example of such a data set comes from the Substance User Disorders (SUDs) data set.

« Such data sets are focused around a specific topic of interest. Language use is often guided
by the topic being discussed leading to strong and non standard word associations. ¢

Project W5 and W, to obtain,

o Wh”e these data SetS are riCh in domain SemantiCS, they are Ilmlted by ava||ab|||ty making |t Data Set Embedding Avg Precision AvgF-score  Avg AUC Data Set Embedding Avg Precision AvgF-score  Avg AUC
. ) . i % KCCA(GIV,LSA) | 32.07#%13 | 30.32%25 | 6596%1.3 KCCA(GIV, LSA) 8536428 | 8189428 | 8257+13
Challenglng to train Iarge scale neural network based algorlthms for anaIyS|s. W o — W G“I'G' CCA(GIV,LSA) 3270:15 | 3548:42 | 6215£29 CCA(GIv,LSA) 83.69+47 | 7948+47 | 80.33:2.9
_ KCCA(w2v,LSA) | 33.45%13 | 30.81%1.0 | 6592%0.6 KCCAW2v,LSA) | 874512 | 8336+12 | 841009
_ W DS — W DS (I) DS CCA(W2v,LSA) 3306432 | 3402:11 | 609109 CCA(W2v,LSA) 845223 | 8002£26 | 81.04+21
proposed Solution: KCCAGICCLSA) | 3638+12 | 3471:48 | 613626 KCCA(GIVCCLLSA) | 88.11%3.0 | 853527 | 85.80%24
. . i i ) ) : : DA | CCAGICCLSA) | 3211+29 | 3685+44 | 6299431 DA | CCA(GICC,LSA 8369+35 | 7899:42 | 80.03:37
e Combine domain semantics along with wider generallzatlons of word meaning to form KCCAW2v, DSW2v) | 2559+12 | 2827431 | 5725417 K(;:(;:;(wm(EJSwEi) 73.09:1.7 75.04:1.? 75.55:1.5
: ' - - . - - - CCA(w2v, DSw2v) 248814 29.17 £ 3.1 57.76£2.0 CCA(w2v, DSw2v) 86.22£3.5 843524 8465+£2.2
domz_iln adapj[ed word e_mbeddmgs' _ _ _ Domal n Ad apted Word Em bedd | ngS . M | n | m |Ze Su m A-CHESS concSVD(GIv, LSA) | 27.27+29 | 3445:30 | 6159£23 Yelp concSVD(GIv, LSA) | 80.14+26 | 7850430 | 789227
e (ODbtain generic embeddmgs from an a|gor|thm trained on a |arge generic data corpus and _ concSVD(w2v, LSA) | 2984%23 | 3632£33 | 62.94%11 concSVDW2v, LSA) | 85.11£23 | 835122 | 838020
. . . . concSVD(GIVCC LSA)! 28.09+19 3506+14 62.13+2.6 concSVD(GIVCC LSA) ! 84.20+3.7 80.39+3.7 80.83£3.9
obtain DS embeddings from a count based embedding technique on a data set from target Of SquarEd DIStan ces GloVe 3082:20 | 3367434 | 6080223 GloVe 7713542 | 7232479 | T4.17450
: : : G GloVeCC 3813408 | 2745%31 | 57.49%12 G GloVeCC 8210435 | 7674+34 | 78.17+27
domal.n for a fIXEd S|Zed Vocab_UIary' ] word2vec 326735 317216 596405 word2vec 828035 7828+ 35 79.35 £ 3.1
e Combine both sets of embeddlngs to form DA embeddlngs. DS LSA 2742:16 | 34.38:23 | 6156+19 oS LSA 7536+54 | 71.17£43 | 725743
® EXpreSS a domain adapted WOrd embedding as word2vec 244808 | 2797+37 | 57.08:25 word2vec 73.08:22 | 7097424 | 7176£2.1
)

Outline of Process

Generic
embeddings: GloVe,

Domain Specific
(DS) embeddings:

Wi DA = QW; ps + W, g
« Solve for alpha and beta by minimizing the sum of squared
distances between projected generic and DS embeddings,

min ||W; ps — (aW; ps + BWi g)|[3 +|[Wi e — (eW; ps + Wi c)||3

Fig 2: Tables show Average Precision, F-score and AUC from standard
classification task on unbalanced A-CHESS and balanced Yelp data set. KCCA
and CCA DA embeddings are compared against baseline word embeddings.

Best performing word embeddings are highlighted in yellow.

Data Set

Embedding

Avg
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Data Set
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Avg

Avg F-

Embedding

Precision

score

Avg AUC

GIvCC 86.47+19 8351+26 8383+22
word2vec etc LSA: word2vec, EtC , ﬁ KCCA(GIVCC,LSA) | 91.06%08 | 8866t24 | 88.76%24 KCCA(GV,LSA) g: 332216 [ 164228 6613221
J J Yelp | CCAGNCC,LSA) | 8626214 | 8261:1.1 | 83.99:0.38 KCCAGN LSA) ] 0o f 9207213 | 3992225  Go30213
E : s oo SVDIGeC 158 B8 eo1 T 35017 T 8496515 KCCA2v, LSA) | 0.55 | 3506509 | 43.44%14 686013
: « Solution: alpha=beta=0.5. By TR _ _ A-CHESS | KCCAwav,LSA) | 05 | 3345:13 | 3981210 | 6592408
s g GNCC_| 8790427 | 8241235 | 8320228 KCCA(GIVCC, LSA) | 075 | 3665434 | 43.02¢22 | 6726422
KCCA(GIVCC,LSA)! 90.56 % 2.1 86.52£2.0 86.74%1.9 KCCA(GIVCC, LSA) 0.5 36.38+12 { 34.71+48 | 6136126
Domain Adapted Word Embeddings: Minimize Sum |ty wroe Golect || 81008 Disasl 5464
Subspace of ' “””CSW;‘S'T"S“’ Sl gg;j:;g 8519224 | 8517226 KCCAGIV,LSA) | 025 | 8475:22 | 80.02£25 | 8113220
. ' 2320, ' ' KCCA(GIy, LSA) | 05 | 8536%28 | 8189228 8257%13
21£51 | 5526%5, 2813,
el MaXxX|mum Of CIUSter Variances KCCAE’!T:C%,LSA) P B vep | MCCAWavLSA) | 045 | o774222 | 3357226 | a4arz24
correlation A-CHESS | CCA(GIVCC.LSA) | 5434438 4876229 | 6878424 Kggﬁg‘;"i’ﬁg} 32 i;:ﬁ:;g 22§§:;§ g:;g:gg
= ° I . — - concSVD(GIVEC, LSA){ 4041 4.2 4475+£5.2 68.13+3.8 VLL, . 04 2 L, 20 Z L, JJ 2 L,
E Assumpt!onl . beta _ 1 _alpha. o N _ RNTN : : : KCCAGVCC,LSA) | 05 | 88.11:30 | 8535:27 | 8580+24
E * Assumption2 : Task is binary classification, labels = positive/negative.
/ - Express each document as sum of word embeddings. Fig 3: Table shows_ r_e_su!ts obtqined from Fig 4: Tgble s_hows results using KCCA
D _ - Obtain alpha by minimizing sum of variances of positive and negative InferSent encodgr Initialized with generic embe_c_ldln_gs In the standard
Transformed + Traneformed DS omain document clusters and DA embeddings followed by classification set up. Value of alpha used
. . ) — Adapted ' classification. Best performing to obtain DA embeddings is determined
generic embeddings embeddings embeddings ] zk: d 12 1 Nz:k 1d 12 initialization highlighted in yellow. by minimizing sum of cluster variances.
' 7. i 2 1 4 |2
acl0,1] k 4 P N — k <
1—1 =1

Figl: This figure illustrates the process of obtaining DA embeddings from Generic
and DS embeddings.




