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MpencTaBuTb CI0BA ABYX A3bIKOB B OAHOM BEKTOPHOM
NpOCTpaHCTBe.

[TocTaHOBKa 3aaa4u

@ Xe RnXd — 3MbenanHIM N CNOB B MCXOLHOM S13blKe

@ Z € R™Y — 3MBenamHrv n CioB B LENEBOM 3blKe
o W: R 5 R — Lenb

Pratik Jawanpuria et al. Geometry-aware Domain Adaptation for Unsupervised
Alignment of Word Embeddings //arXiv preprint arXiv:2004.08243. - 2020.
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MoTtuBauums

Ob6yyeHue ¢ yuntenem

IXW — YZ||},, — miny, gxa
wiw =1
rae Y € {0,1}" — maTpuua cootBetcTBug (alignment matrix):

3/1eMEHT Yj; paBeH 1, ec/in j-oe CNoBO B LIENIEBOM fA3blKe eCTb
nepeBog, /-ro C0BA U3 UCXOAHOrO s3blka, M O B MPOTUMBHOM Ciyyae.

Ecnu e cnoBapb cOOTBETCTBUS Y — TOXE He U38ecmeH, TO
@ MOXHO 06y4yaTb W 1 Y coBMecTHO
@ MOXHO CHa4yana HaWTU U 3adpukcmpoBatb Y, NOTOM nckate W.
Hanpumep, Y MOXHO McKaTb! Kak 08adbl cmoxacmu4eckyro
mampuuy uz DS"

—Sp(Y" - XXT .Y - 2Z") = minycpgn

!David Alvarez-Melis D., and Tommi S. Jaakkola Gromov-wasserstein alignment
of word embedding spaces //arXiv preprint arXiv:1809.00013. - 2018.
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CyTb paboTsbl

@ Y4Yét uHdopMaLMmM BTOPOro NOpsSAKa O CBSA3U C/I0B B A3bIKax.

@ Ecnmn Y genaet BbipaBHMBaHME Mexay a3blkamn X u Z, 1o Y7
OO/MKHA BblpaBHMBaTb Z U X.

@ Alignment learning problem — Domain adaptation problem?

YT XxT.y = ZZT| 2+ ||y -2ZT - YT = XXT||2 = min
YeDS”

https://en.wikipedia.org/wiki/Domain_adaptation

1Baochen Sun et al. Return of frustratingly easy domain adaptation //Thirtieth
AAAI Conference on Artificial Intelligence. - 2016.
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€3YJibTaTbl

[NonyyeHune oUEHOK:
@ Bilingual induction (BLI) task
@ Cross-Domain Similarity Local Scaling (CSLS)
@ Precision@1

Method  de-xx  em-xx  es-xx  fr-xx  it-xx  pt-xx  xx-de xx-en  xx-es xx-fr  Xxit xx-pt avg.

GW 626 774 782 754 715 712 626 759 797 790 762 749 747
MBA 633 784 782 753 770 715 631 713 794 87 762 750 750

Table 1: PQ1 for BLI on six European languages: English, German, Spanish, French, Italian, and Portuguese. Here
‘en-xx” refers to the average P@1 when English is the source language and others are target language. Similarly,
“xx-en’ implies English as the target language and others as source language. Thus,
all the thirty BLI results for each algorithm. The proposed algorithm MBA pertolm
pairs are closely related to each other.

2 shows P@1 averaged over
similar when the language

Method en-bg en-cs en-da en-el enfi en-hu ennl enpl en-ru

GW 228 421 544 215 317 437 729 491 36.1
MBA 381 46.8 56.1  40.0 404 46.1 738 504 375

Method bgen csen daen ecl-en fien huen nlen plen ruen ave

GW 29.9 60.7 49.5 57.6 70.9
MBA 50.0 62.3 54.4 61.0 710

47.0
53.0

529

Table 2: PGl for BLI on English and nine European langu jan, Czech, Danish, Greek, Finnish, Hungar-
ian, Dutch, Polish, and Russian. The “ave.’ shows PG1 aver all the eighteen BLI results. The proposed
algorithm MBA outperforms GW when the bilingual mapping is learned between distant languages.

[lng nap pasHbIX A3bIKOB KAa4YeCTBO /yylle, YeM Y
baseline-peleHui.




[NoyeMmy 3Ta cTaTba?

@ [loHpasunack 3agava )

@ [Tpumep TOro, Kak MOXXHO BUAOU3MEHSATb ONTUMU3UPYEMbIN
(YHKUMOHAN, YTOObI MOXHO ObINO NOAYYUTb YUCSIEHHOE
pelleHue.
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Q Sentence Meta-Embeddings for Unsupervised Semantic
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EEELE!

Fi,...,F; — OTOOpPAXKEHMS U3 MHOXKECTBA NPeaIoXKeHUN S B
MHOXEeCTBa BEKTOPOB pa3MepHOCTeN dy, . . ., d;. [[puMeHnTL
cnocobbl NoNyyeHns MeTa-amMbenanHros’ cnos ans nonyyeHus
MeTa-3M6eAMHIOB NpeanoXeHuit F: s — RY.

MoTuBauus

@ MeTa-3MbeaaunHru NpeasioKeHnid MOryT NoKasbiBaTh Ny4llee
KauyecTBO, YEM OTAE/bHble IMBesanHIU?

@ OO6blYHble 3MOEeAAMHIUN 3aBUCAT OT APXMUTEKTYPbI, AAHHDIX,
3a0au4M.

Nina Poerner et al. Sentence Meta-Embeddings for Unsupervised Semantic
Textual Similarity //arXiv preprint arXiv:1911.03700. - 2019.
1MeTa-3MbenanH — obbeanHeHWs npenobyyeHHbIX pasHbIMM Crocobamm
BEKTOPHbIX NpeaCcTaBieHU
2Wenpeng Yin et al. Learning word meta-embeddings, 2016.
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CyTb paboTsbl

S C S(e.g..BWO)

(unlabeled corpus)

\ X, € RISIxd1

Fi(eg,SBERT) __» 5 (e.g., © for GCCA)
X; e ]R\S\ xdy
: ! (see Sections 3.2, 3.3,3.4)

Fit meta-embedding params
—— Fmeta (s1,52)

l l(semence pair)

3 = cos(F™(s1), F™2(s2))

(predicted sentence similarity score)

Fi (e.g.: USE) (cached training data)

(pre-trained encoders)

Figure 1: Schematic depiction: Trainable sentence meta-embeddings for unsupervised STS.

PasHble cnocobbl 06beamHeHns aMbeaaUHIOB:
@ KoHkaTeHaums
@ KoHkateHaumsa n SVD
@ JInHelHas npoekums
@ Generalized canonical correlation analysis (GCCA)
@ AsToeHKomepbl!

1lina kaxpnoro F; obydaTs 3Hkomep &: RY — R u nekopep Dj: R — RY. U
Toraa F(s) = >, Ei(Fi(s)).
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PesynbraThl

OnucaHue aKcnepuMeHTa:

@ Semantic Textual Similarity (STS) task: MHOXecTBO Tpoek
{(5i1,Si2,Yi)}, COCTOAMX M3 NApbl NPEANOXKEHUIA U UX OLLEHKM
cxoactea y; € R.

@ Koppensiumun CnupmeHa u NupcoHa Mexay pasMeTKomn y u
nony4yaemMbIMu oueHkamm cos(F(s1), F(sz2))-

dimensionality

STS12 STS13 STS14 STS15 STS16 STS-B

d =600

67.5/66.3 62.7/62.8 77.3/74.9 80.3/80.8 78.3/79.1 79.8/78.9
62.6/63.8 69.5/66.0 74.8/77.1 73.7/76.4 76.2/74.6
.3 72.8/75.7 76.2/1

»

d=1024 | 66.9/66.8 63.2/64.8 74.2/74.3
single:ParaNMT — up-projection” d = 1024 67.3/66.2 62.1/62.4 77.1/747 79.7/80.2 77.9/78.7 79.5/78.6
JSE — up-projection* d = 1024 | 62.4/63.7 57.0/57.5 69.4/65.9 74.7/77.1 73.6/76.3 76.0/74.5
d 727/71.3 68.4/68.6 81.0/79.0 84.1/85.5 82.0/83.8 82.8/83.4

72.5/71.2 68.1/68.3 80.8/78.8 83.7/85.1 81.9/83.6 82.5/83.2
71.9/70.8 68.3/68.3 80.6/78.6 83.8/85.1 81.6/83.6 83.4/83.8

72.8/71.6 69.6/69.4 81.7/79.5 84.2/85.5 81.3/83.3 83.9/84.4

,,m,[

gcca (hyperparams on dev set)  d = 1021

metazae (hyperparams on dev set) d = 1024 | 71.5/70.6 68.5/68.4 80.1/78.5 82.5/83.1 80.4/81.9 82.1/83.3
Ethayarajh (2018) (unsupervised) | 68.3/- 66.1/- 8.4/ 79.0/- /- 79.5/-
Wieting and Gimpel (2018) (unsupervised) | 68.0/- 62.8/- 7.5/- 80.3/- 78.3/- 79.9/-
Tang and de Sa (2019) (unsupervised meta) | 64.0/- 61.7/- 3.7/~ 71.21- 76.7/- -
Hassan etal. (2019)" (unsupervised meta) | 67.7/- 64.6/- 75.6/- 80.3/- 79.3/- 77.71-
Poerner and Schiitze (2019)  (unsupervised meta) - -l -I- -I- -l 80.4/-
Reimers and Gurevych (2019) (sup. siamese SoTA) - - -~ -l -/ -/86.2
Raffel etal. (2019) (supervised SoTA) - - /- /- -l 93.1/92.8

Table 2: Results on STS12-16 and STS Benchmark test set. STS12-16: mean Pearson’s r x 100 / Spearman’s
p % 100. STS Benchmark: overall Pearson’s  x 100 / Spearman’s p x 100. Evaluated by SentEval (Conncau
and Kiela, 2018). Boldface: best in column (except supervised). Underlined: best single-source method. *Results
for up-projections are averaged over 10 random seeds. TUnweighted average computed from Hassan et al. (2019,
Table 8). There is no supervised SOTA on STS12-16, as they are unsupervised benchmarks.
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[NoyeMmy 3Ta cTaTba?

@ Mbicnb: nobble 3MbeaaMHIM — HE 3TaNIOH, OHM 3aBUCAT OT
JaHHbIX U 33034M.

@ OMbepaMHIM JOKYMEHTOB?
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e Neural Topic Modeling with Bidirectional Adversarial Training
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EELELE]
[pennoXutb HEMPOCETEBYIO TEMATUYECKYIO MOAEND.

MoTuBauus

Cywectsytowme NN Mmogenu

@ nnbo UCMONb3YHOT HEMOAXOAALME anpPUOPHbIe
pacnpeneneHus Ha TeMax (HanpuMep, HopManbHoe
pacnpeneneHune smecto upuxne).

@ 160 He cnocobHbl NpeacKasbiBaTb TEMbI AN AAHHOTO
nokymeHTa (1)

Rui Wang et al. Neural Topic Modeling with Bidirectional Adversarial Training
//arXiv preprint arXiv:2004.12331. - 2020.
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YTb

6otbl 1/2 (BA

Bidirectional Adversarial Topic (BAT) model: nonyueHue

oTOBpaXeHWt Mexay pacnpeneneHusMu: TeM B LOKYMEHTaX U
CNOB B AOKYMEHTaXx.

Encoder Network (E)

Document-word
distribution

Document-topic
layer Representation

distribution .
layer  real distribution pair Py

(V+K)-dim

S-dim

K-dim

V-dim
S-dim e
Kdim A

Representation
layer

O

= Joint
Document-topic ~ N\ 5, . N
o' Representation ) fake distribution pair Pf distributions
s layer  Documént-word layer
layer distribution
layer Discriminator Network (D)
Generator Network (G)

Figure 2: The framework of the Bidirectional Adversarial Topic (BAT) model.
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CyTb pabortbl 2/2 (GBAT)

Bidirectional Adversarial Topic model with Gaussian
(Gaussian-BAT): ucnonb3oaHue smbenanHroB.

K-dim
P I
@ g
~ A a -
0y ~ Dir(0;|c)—>C) N
N
@) V(e Si——C

Document-topic

Gaussian
distripution | " EMPS9ING - ytriutions

Generator Network (G)

ex 1 TZ -1
D@0 8) = N(Bi e 50) — p( LE - m)TE (e uk))

(27)Pe| 24|
—> K
p(ev | t)
Pkv = =y S < k- ek
Zu 1p( u ’ t) ;
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Pe3synbraThl 1/3: KorepeHTHOCTH B 3aBMCMMOCTH OT

y‘-IMTbIBBEMOl;i 4aCTn TEM

@ TpeHupytoTtca Mogenu Ha 20, 30, 50, 75, 100 Tem.
@ KorepeHTHocTu cumTatotca no ton 50, 70, 90, 100% Tem.
@ Pesynbrathl pre,El.Hﬂ}OTCFI Nno MOAENSIM C Pa3HbIM YMUC/IOM TEM.

aihhh
|||I
by

|
hllull..-l

s R

- gl. LI,

Lol

Figure 4: The comparison of average topic coherence vs. different topic proportion on three datasets.

Michael Roder et al. Exploring the space of topic coherence measures
//Proceedings of the eighth ACM international conference on Web search and
data mining. - 2015. - C. 399-408.
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Pe3synbraThl 2/3: KOrepeHTHOCTU B 3aBMCMMOCTM OT YMCna
TeM B MOAeNu

Figure 5: The comparison of average topic coherence vs. different topic number on 20Newsgroups, Grolier and
NYTimes.
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Pe3synbraThl 3/3: CpaBHEHME C M3BECTHOM PA3METKOM

OnucaHue JKCNEPUMEHTA:

@ ConocraBneHne pa3MeToK (M3BECTHOM U MONyYEHHOM) C
NOMOLLbI0 BEPrepckoro anroputmal

@ OueHKa TOYHOCTH

Dataset NVLDA  ProdLDA LDA BAT G-BAT
20NG 33.31% 33.82% 3536% 35.66% 41.25%

Table 4: Text clustering accuracy on 20Newsgroups
(20NG). ‘G-BAT’ refers to ‘Gaussian-BAT’. The best
result is highlighted in bold.

Harold W. Kuhn The Hungarian method for the assignment problem //Naval
research logistics quarterly. - 1955. - T. 2. - N2. 1-2. - C. 83-97.
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[NoyeMmy 3Ta cTaTba?

@ Henpocetn + TM

@ YuéT aMbenanHroB cJioB

@ [lpumep cpaBHeHUs TeMaTUYECKUX Moaenen

@ [lBa gaTaceTa, KOTOpbIe eLLE HW pa3y He UCMOIb30Bau
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e Towards Faithfully Interpretable NLP Systems: How should we
define and evaluate faithfulness?
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UTo ecTb MHTEpNpPEeTUPYEMOCTb?

[Mpumepsl

@ baliecoBckue cetn
@ Attention, heat-map

lNpennonoxeHus

@ M0 MOoAenu: aBe MoAenu AAT OAMHAKOBbIe NpeackasaHus iff
OHM MCMONb3YIOT OAHU U TE XKE PaCCy>KAEHMS,

@ MO npeackasaHuto: Moaesb BbIAAET NOX0OXMe npenckasaHua
Ha MoxoXux Bxogax iff eé pacCy>XAEHUA MOXOXKMH,

@ 0 IMHEMHOCTH: ANs paccy>|<,u,eHM|71 MOoAEeNN Kakne-T1o 4actu
BX04a BaXXHEe Apyrux.

Alon Jacovi, and Yoav Goldberg Towards Faithfully Interpretable NLP Systems:
How should we define and evaluate faithfulness? //arXiv preprint arXiv:2004.03685.
- 2020.
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[NoyeMmy 3Ta cTaTba?

@ YT06bI 338yMaTbCs

@ [Npumep Hebonbworo (No 06bEMY) NOMHOCTLIO
TEOPETUYECKOro UCCNe0BaHMS
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