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Style

remember Prisma app?

Anekcen TuxoHoB: B cBoe Bpems HawyMmeBLUee MNPUITOXKEHNE Prisma WHTYUTUBHO
NOKa3bIBa€T, YTO Mbl 3HAEM, YTO TaKoe CTUSb B U30OpaXeHUAX, 1 MOXEM y3HaTb, YeEN
CTUIb Ha TOW UMM MHOW KapTuHKe. Npu aToM ecnu nblTatbCa 3T0 hopmannisoBaTb, TO 3TO
CNOXHO, M B YACTHOCTM ANS M300pakeHus 3TO pellanocb HesdABHbIM O06pa3om nytem
NOArOHKM puven Ha paHHMx cnosix. CuuTtaetcs, 4To npu 0OpaboTke M30OpakeHus
CBEPTOYHLIMU CETAMM Ha paHHUX Crosx uaeT paboTta ¢ Menknmu getanamu, a Ha bonee
BbICOKMX — C Bonee abcTpakTHbiMM Bewamn. I ecnn Mbl abCTpakTHble COXpaHsieM, a
MEsiKMue 3aMeHsIEM, TO Mbl BPOLE Kak MOMEHANN CTUIMb.

C TekcToM TaK He nony4yaeTtcA. EcTb Takoe noHMmaHune Y HaC, 4YTO y TeKCTa €CTb CTUIb.



YnNnpakHernnna
8 cTMne

EcTb ApeBHSAS KHMXKKA «YMpaXKHEHUS B CTUME», TaM OAMH pacckas KOpPOTKUIA NPO Noesaky
yenoseka B aBTobyce uUnu B TpamMBae nepenuncaH CTo pa3 B pasHblX CTUMSX, pasHbIX
HappaTuBax, OT LA pasHbIX NEPCOHAXEN.

Mo kpanHen mepe, 3TO HEKMM 3afer, KOTOPbIA MOKa3biBaeT, YTO Mbl TOXE MOXEM Y3HaTb
OLHY W TY X€ UCTOPUIO, HAaNMUCaHHY B pa3HbIX CTUNSAX, U COMOCTaBUTb €€ pa3Hbie BEPCUN
mMexay cobou 1 ckasaTb, YTO Ha CaMOM Aene 3TO O4Ha U Ta UCTOPUS, TEKCT OOMH U TOT Xe
MOXET ObITb.

what is text style?



Kak Ham o710 nomoraeTt? Ha camom gene HUKak.

8 From Theories on Styles to their Transfer in Text

[arXiv:2110.15871]
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Figure 2. Hierarchy of styles guiding our discussion. Each branch defines different challenges for style transfer
and illustrates how styles relate to one another. Asterisks (*) mark the nodes which are on the fence between
content and style, since altering their attributes seems to bring a loss in the input content, but they are included in
the hierarchy because they have been considered as styles for the transfer goal.

EcTb,

Hanpumep, HedaBHsst paboTa, KoTopas MOCBAWEHA WCKYUTENbHO  MNOMbITKaM
cuctematTmsaumm opMarbHbIX OnpedeneHnn TEKCTOBOro ctuns. Jliogn nepekonanu
TEOPETMYECKYIO NUTepaTypy 3a Jonroe Bpemsi. ATO, KaxeTcs, Hosbpbckas padota. OHu
NbITAOTCA BbIAENWUTb, KaK XXe B pasHbiX 3agadvax, B pa3Hbix paboTax nioaum nbiTakTcs

AedUHMPOBaTbL CTUSb TEKCTA.

text style transfer

somehow related to:

image style transfer
NMT

paraphrase generation
summarization

[aBaiite elle nonpobyem NOroBOpUTb O TOM, Ha YTO MOXOX TEKCTOBbIA TpaHcdep, O
3agadax TekcTtoBoro TpaHcdepa. C oOHOM CTOPOHbI, YeM-TO OHa Afs Hac aHarnorvyHa
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image style transfer, TO ecTb pabote co cTunem nsobpaxeHus. C Apyron CTOPOHbI, 3TO
Takas Krnaccudeckas 3agava «TEeKCT-B-TEKCT», MPU 3TOM OHa JOMMKHA COXPaHsATb CMbICH,
HO YTO-TO MEHSTb, 3TO ecnn HedopmanbHO NOAXOAUTb K 3agade. B npuHumne, Tem xe
YCNOBUSIM YOOBMETBOPSAET MALLMHHBIA NEPEBOL: OH COXPaHSET CMbICIT U MEHSAET sA3biK. A
3ajaya cymmapusauum — COXpaHATb CMbICH, HO MEHATb AfNHY TekcTa. Minu, Hanpumep,
3agaya reHepauuun napadpasa. B obuwem, 4eM-TO OHO NOXOXe.

why transfer text style?

e personalization / targeting
e media content generation
e formality / politeness / detoxification

3adyem BoObGLLE MOXHO pellaTb Takyl 3agavy? Ha camom gene 3agaya UMEET HeKyto
NPUKNagHy Nosb3dy NOMUMO TOrO, YTO OHA MHTEpPecHasl U NO3BONSAET HaM 3aKonaTbCs B
TO, U3 Yero COCTOUT TEKCT N KaK MOXHO C HUM paboTtaTb. [MOHATHO, eCTb 3aadn BCSAKON
nepcoHanuaauuun, TapreTMHra Kak B pekrname, Tak n B MEQUMHOM nosne nogadya nonesHom
nHpopmauun B 6onee ygobHom pexume. M ecTb Takon NONyNSAPHbIN YaCTHbIA Crnyyan,
KOTOpbIA Ha3blBaeTcs detoxification, TO €CTb NONbITKA MOBLICUTb BEXIMBOCTb M yOpaTb
OCKOpBUTENBLHOCTL TEKCTa U Tak ganee. MoxHo npugymaTts 1 6onee nHTepecHble 3agadn.



style definition

no universal definitions

sentiments / dialects / author’s style / ...
style is non-orthogonal to content
typically defined by explicit examples

[arXiv:1808.04365]

MbI CKka)xeMm, YTO Mbl He 3HaeM, Kak 3TO NepeBecTW, MOCKONbKY HUKTO He 3HaeT. M yaue
BCEro B MpUWKNagHblX 3agadax CTWUib onpedensieTcs kak kopnyc. [onyctum, Mbl Gyaem
paccmaTpuBaTtbh AUCKPETHbIV CTUMb, U Aaxe Gonee Toro — GuHapHbIN. To ecTb y Hac ecTb
ABa CTWUNSi — OOUH U BTOPOW, U Mbl XOTUM OMNPenensitTb, K KAKOMy W3 HUX NPUHAONEXUT
KOHKPETHbIA TEKCT, U, MOXET OblTb, MEHATb Yy TEKCTA aTpUbYTbl ero NPUHAANEXHOCTU K
KOHKpETHOMY cTuMto. Torga Mbl CKakeM, YTO Yy Hac 3TOT CTUMb 3adaH ABYMsi KOpnycamu:
OOVMH COOTBETCTBYET NEPBOMY CTUIIIO, BTOPOW COOTBETCTBYET BTOPOMY CTUIMO. JTa LUTyKa
pacwmpsieTcs o 6onbllero 4ucrna AUCKPETHbIX CTUMEN, B CMbICre A0 AMCKPETHOro
Habopa cTunen, 1 MOXHO AymMaTb U O HEMpPepbiBHOM, HO OObIYHO OEeno A0 3TOro He
A0X0oauT.

B Takon nocraHoOBKE MOXHO NoA CTUMb 3aTaliuTb pa3Hble Belln: MOXHO MOonbITaTbCA
CKasaTb, YTO CEHTUMEHT TEKCTa — 3TO CTUI1b, MOXHO CKa3aTb, YTO KOHerTHbII7I aBTOpCKI/IIZ
CTUIb — 3TO NPUMEP CTUNA, NN gnarneKkT 1 Tak garee.

Mbl BCe MOHMMaEM, YTO CTUSb HA CaMOM Jene He SBMSEeTCA Kakon-TO N30NIMPOBAHHON OT
KOHTEHTa, OT CMbICIIa, OT COAEPXKMMOr0o TEKCTa BeLLbo. XO4YETCS, KOHEYHO, AyMaTb, YTO OH
OpTOroHarneH, Ho 3T0 He Tak. /I npocton npumep — Génblias Yyactb paboT, NO KparHewn
Mepe Hadano paboT No TEeKCTOBOMY TpaHcdepy, UCNonb30BaHHOMO B koprnyce YELP. 910
KOpryC COCTOMUT W3 MpeanoXeHun, HabpaHHbIX M3 OT3bIBOB Ha pa3Hble 3aBeAeHus,
NONOXMUTENbHBLIX U OTpuuaTenbHbIX. TO eCTb B KavyecTBe pa3MeTKM UCMornb3oBarnach
OLeHKa caMoro OT3blBa, M, COOTBETCTBEHHO, B MOMOXMUTENbHbLIX — «B 3TOM Kade o4veHb
BKYCHbIV KOgoe, BbICTPO NPUHOCAT ey U O4eHb Munas ouumMaHTKa», a B OTpuLaTenbHbIX
— «Kocpe 6bIn XonoaHbIM, 0PULMAHT rpybbi, HaM HEe MOHPAaBUNOCH».



YXe 30ecb O4YeBWOHO, YTO Yy OTUX COOOLIEHWI pasHbI CTUMNb, €CNM Mbl CYATaAEM
CEHTMMEHT CTUMEM, HO NPY 3TOM Y HUX HET OQUHAKOBOTO KOHTEHTA. KOHTEHT y HUX Kak pa3
pasHbIi, MPOTMBOMOMOXHbIN MO CMbICIY.

34eCb MOXHO NPO 3TO elle roBOpUTb OCTATOYHO AOMI0, HO Mbl NydLUe ABMHEMCS Aarnblue
N MOCMOTPUM, KaKk Ham C 3TMM paboTaTb. A TonbKo [06aBIH0, YTO YMO3PUTENBHO KaXeTCs,
YTO HaM AOCTaTOYHO, YTOObI MHOXXECTBO TEKCTOB, pa3feneHHoe Ha CTUX, UMEIO Kakon-To
300mMopdun3mM. Ecnm Mbl, yCNOBHO, KaXXgoMy TEKCTY B OQHOM CTUIIE MOXEM COMOCTaBUTb
KakOW-TO TEeKCT B APYroM CTune, TO, HaBepHoe, 3TOro [OoCTaToyvHO. Bo3mMoxHOo, 31O
CNULLIKOM CUIbHOE ANS Hac YyCroBME, HO MOHSTHO, YTO B 3TOM Cryvyae Mbl He Tpebyem
COXPaHHOCTU COOEPXMMOro KOHTeHTa, a Tpebyem, 4TObbl Takoe oTObpaxkeHue
CYLLECTBOBASIO, 1 TOrAa MOXHO NbITaTbCA pelaTh 3agadvy yCTaHOBKM 3TOro OTOOpaxxeHus.
O6bI4HO MbI paboTaem co CTUNEBbIMMN KOpNycamu, 3adaHHbIMU ABHbIM 06pa3omMm.

style definition by examples

e non parallel data

YELP [hitps://www.yelp.com/dataset]
politeness,

emaojis,

captions / titles / ...

e parallel data

o O O ©

o Bibles [arXiv:1711.04731]

o Shakespeare [https://github.com/cocoxu/Shakespeare]
o GYAFC [arXiv:1803.06535]

o YELP-aug [arXiv:1810.06526]

@]

Kakue y Hac ecTb kopnyca? Kopnyca ¢ kaxabiM AHeM BCE nydlle u 6onblue, Ho 6a3oBoe
AeneHne KoprnycoB COCTOUT U3 ABYX BETOK: NepBasi — Kopnyca HenapannenbHble, BTopas —
napannenbHble. A Aymaro, 4TO BCe 3HAKOT, YTO Takoe napanfenbHble Koprnyca, HO Ha
BCAKMM Criydan nporoeBopto 3T1o. [lapannenbHbiM, WM  BbIPOBHEHHbLIM  KOPMYCOM
Ha3blBaeTCs KOpMyc, B KOTOPOM €CTb IBHOE€ COOTBETCTBME TEKCTOB B OAHOM U B PYrom
cTune. 9Ta TEPMUHOMNOINMA Mpuwna K HaMm 13 MawwnHHOro nepesoga. Ecnn y Hac ecTb
KyCOYKM TeKkcTa, ANS KOTOPbIX €CTb SABHbIA MNepeBOd, TO Mbl Ha HeM yuyumcs. [pu
MaLUMHHOM NepeBoAe €CTb MHOro-MHOrO feT HAKOMMEeHUs 3TUX KOPMNycoB, a BO-BTOPbIX,
eCcTb ___ (00:14:28), HO BMOMHE FIOTMYHOE MECTO, OTKyAa MOXHO B3STb 3TW CaMble
napanneneHble Kopnyca. Hanpumep, B kakon-Hubyab Kanapge wnu Leenuapwun, roe



HECKOJ1bKO A3blKOB rocygapCTBEHHbIX, CyObl, I'IapJ'IaMeHTCKVII7I cnywaHunda n npodyee -
TPpaHCKpUNunAa nuieTcd cpady Ha HECKOJIbKUX A3blKaX, N 3TO aBTOMaTUYECKN aeT XOTA U
CMELLIEHHbIN MO TEMATUKE, HO BprOBHeHHbIIZ napanneanbuZ Kopnyc.

M3 cTnnesbIX NapannenbHbIX KOPNyCcoB S Haxogum HecKosbKo. Bo-nepBblX, cyllecTByeT
Heckonbko Bepcun bubnun. OHa oTnuyaertcs: ecTb Aetckaa bubnus, ectb Hegetckas
bubnua n Tak ganee, MU OHa BbIpOBHEHa no cTtuxam. Ectb Lekcnup, HekoTopoe
NoAMHOXeCcTBO paboT Lllekcnupa Ha cTapoM aHrMUICKOM, YTO Ha3biBaeTcst middle English,
N NepenncaHHble COBPEMEHHbBIM SI3bIKOM. OTO TOXE Kak 0guMH 13 NpumMepoB. HO 3TO 04eHb
MarneHbKue Kopnyca. To eCTb Marusi Tuna MallmMHHOMo NepeBoa Ha HUX He 3aBOAUTCS.

EcTe GYAFC, aTO KOpnyc, KOTOpbI onybrnukoBana KomaHga cepBuca Grammarly, ©
HaCKOMbKO A 3Hato, 3TO NPSMO pyYHas pasMeTka, py4YHOW pepanT, TO eCTb OHM NOcaaunm
TOKEpPOB NN TONOKEPOB, U OHW BCE caenasnu. 3TO Npo BEXMINBOCTb, HACKOITbKO S MOHAN.

[aBanTe NoCMOTPUM Ha HenapannenbeHble Kopnyca. X MHOro, ux cunbHO GonbLue n nx
MOXHO fenatb camum. Ecnn y Bac ecTb Kakon-TO MacCmMB TEKCTOB, U K HEMY — Kakasa-To
MeTapa3MeTKa, TO MOXETe MO 3TON pasmeTKke pasbuTb TEKCT U C HUM Janblie paboTtaTb.
basoBbIn — 3TO YELP, Kak 9 ckasdan. EcTb Bcsikne BexXnmBble N HEBEXNUBbLIE. MOXHO B3SATb
MHOXECTBO TBMTOB U pa3butb UX N0 AIMOAXN. Hanpumep, ecnv NpucyTCTBYET AMOLXKM, TO
MOXHO CKasaTb, YTO 3TO Hekasi MPOKCU-MEeTKa ANsl CeHTMMEHTa U UCMofb30BaTb €€ B
TakoM KayecTBe.

MmeHHO anga Toro, 4Tobbl Ny4we NoHMMaTb, Kak 3To paboTaeT, noam B3sinu HebonbLuoe
NOAMHOXECTBO M3 YELP — kaxeTtcs, 1 000 OT3bIBOB, — W cAenann AN HUX elle pyvHOMN
pepanT yxe napannenbHo. OH GbiBaeT noneseH, Hanpumep, ansa 6onee TOYHOM OLIEHKM
kayectBa ____ (00:17:37). Hanpumep, MOXHO MOCTPOUTb METPUKY BLEO u nomepuTsb,
HaCKOSbKO XOPOLLIO Yy Hac Nofny4aeTcs pellaTb 3agaqm TEKCTOBOro TpaHcdepa.



no style for token

latent variable classification
gumbel trick

reinforcement learning
non-autoregressive generation

Ewe napa cnoB o cnoxHoctu 3agayn. OgHa 13 crnoxHocten paboTbl ¢ TEKCTOM — TO, YTO
TEKCT SBMSIETCA AUCKPETHbIM. [INs nogen OH COCTOUT U3 CrioB 1 ByKB, eCNi Mbl FOBOPUM O
3anagHou Kynetype, a Ans TUNUYHOM MOOENM OH COCTOUT N3 TOKEHOB, U CTUIb OBbIYHO He
onpefeneH Ha ypoBHe TOKeHOB. lNpy 3Tom Gonbluas YacTb 3MEMEHTOB MOAENU yYMetoT
perynMpoBaTb TeKCT No TokeHaM. To eCcTb Ha KakKAoM Luare oHa peluaet 3agadvy Bbibopa
OZHOrO CreayoLLEro TOKEHa, U 3TOT TOKEH caM No cebe CTUNEBOW OKPaCcKM HE UMEET MUIu
MMeeT o4eHb cnabyto obbl4HO. MO3TOMY Mbl AOMKHBI MHOMO pa3 PeLUnTb 3eMeHTapHYo
3apady BblOoOpa TOKEHa, HO MPU 3TOM B CAMOM KOHLIE Mbl Y3HaeM, YTO Y Hac Nony4Ynnoch:
MOMNYYUICS Y Hac HYXXHbIN CTUMb UK HET.

OTO HenpusTHas cUTyauums, 1 Noayu NpuayManm Kakoe-To KONMYeCTBO XaKoB, KOCTbINEN U
Bonee MHTeNNeKTyanbHbIX NOAXOA0B K paspeLleHunto 3Tol NpobrnemMbl. Mbl noroBopum npo
HECKOJTbKO U3 HUX, HO MPSIMO MAeanbHOro peLleHNs 30eCh, KaXKEeTCs, NokKa HeT.

Knaccuyecknin nogxon — 3T1o reinforcement learning, HO OH NAOXo paboTaeT C TEKCTOM.
EOVHCTBEHHBIN, KTO 3asiBNSAET perynsipHo, 4YTo Yy Hero nonyvaetcs genatb RL noeepx
CITOXHbIX TEKCTOBbIX Mofenen, 31to OpenAl, HO MO KpamHeW Mepe MOU MOMNbITKU
BOCMPON3BECTN HEKOTOPbIE UX pe3ynbTaTbl M (00:19:48) ntogu, C KOTOPbLIMWU A NPO 3TO
rOBOPWI, OHW, CKOpee, YMepPEeHHbIN ONTUMU3M BHYyLIalOT. HO HeJaBHO OHM ONATL 3aSBUIY,
YTO OHU TIOHUNN TpaHcep _ (00:20:00) odepeqHyto 3agady ¢ NOMOLLbHO RL.

To eCcTb B NpuHUUNE, HaBEpPHOe, 3TO BbIXOA, HO OH [OCTyneH He BceM. [JosmmkHa ObiTb
B6onbwasa nHpacTpykTypa, 4Tobbl Takue Bewwm popcutb. TeM HE MeEHee CTOUT NpPO 3TO
TOXE MOMHUTb.
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goals and metrics

[arXiv:1904.02295, 1908.06809, 2110.10668]

e fluency
o LMPPL
o human eval
e style accuracy
o classifiers
o human eval
e content preservation

o text similarity

o embedding based
o learnable

o human eval

Ecnuv mMbl roBopuM, YTO Mbl XOTUM MOMEHSATb CTUSb Y TEKCTA C COXPaHEHNEM Yero Obl TO HY
ObINO, HAM HYXHbl METPUKKM, YTOOblI OLEHUTb, HACKOMbKO XOpoLwo 310 pabotaeT. B
Knaccuyeckon cTaTbe MO TEKCTOBOMY TpaHcepy eCTb Tpu rpynnbl MeTpuk: fluency, TO
€CTb Mbl XxoTenun 6bl OCTaTbCA B rpamMMaTM4YecKOM A3blke, TO eCTb He HapyllaTb ero
npaBuna; ectb TOYHOCTb NonagaHnsa B LENEBOW CTUMb, Mbl XOTUM €ro KOHTPONUPOBaTb; U
Mbl XOTMM COXPaHUTb KOHTEHT, YTO Obl 3TO HM O3Ha4ano, 1 Ans 3TOro eCTb rpynna MeTPUK,
KOoTopasi Ha3blBaeTcs content preservation. Mbl cenyac npo HUX HEMHOXKO noroBopum. Npo
fluency a1 He 6yay ocobo roBopuTb, NOTOMY 4YTO 3TO oyeBuaHas Belwb. O6bIMHO ee
KOHTPONUPYIOT C MOMOLLIbIO nepnsiekcnn 6a3oBon 6OMbLION S3bIKOBOWM MOAENW, NHOrada
KaKMMU-TO 3BPUCTUKAMM, KOTOPbIE ULLYT OLINOBKKN, N py4HOU pa3meTkon. B obuwiem, 3agava
fluency — 3agada OLEHKN rpaMMaTUYHOCTWN TEKCTA; 3TO 3agada, KoTopas OANHAKOBO CTOUT
Ans nepeesoga, Ans napadpasa, ona curHanu3aumm nmnbo ans 3agad, KoTopble
noapasyMeBatoT reHepaumio TeKCTa.
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style matching

e cross-entropy

Model G(A;!/ author

Shakespeare Poe

Carroll

Wilde Marley Nirvana MUSE

Generated-Saiakespeare  19.0** 21.6 18.5% 109 218 22.0 224
Generated-Poe 220 20.4*° 21.2 19.0% 26.0 25.4 26.0
Generated-Carroll 222 23.6 18.9* 225 224 21.8* 238
Generated-Wilde 21.2 209 20.5** 18.4* 245 21.8 264
Generated-Marley 24.1 26.5 22.0 27.0 15.5% 15.7** 160
Generated-Nirvana 2.7 26.2 20.0 266 193 18.3 19.1%*
Generated-MUSE 21.1 23.9 18.5 234 174 16.0** 14.6"
Uniform Random 103.1 103.0 103.0 103.0 103.5 103.3 103.6
Weighted Random 68.6 68.8 67.4 68.5  68.5 68.0 68.0
SELF 234 21.8 2351 27.3 208 17.8 13.3

Table 3. Sample cross entropy between generated texts {T%[A;) and actual texts for different authors.

e discrimination/classification

truthipred  Brodsky Pastemak  Tovelieva  Magskovskiy  Akhmatoua  Tyutcheu Mendelshtam  Lermontov
Erodskiy I 7,28 23% 43% 23% 15% 4.0% 13% 36% 17%
Pushkin 8.0% 0.3% 0.0% 03% 1% 33% 06% 75%
Esenn BE% 30% 1.3% 16% 55% 0% 16% 33%
Pastermak 10.7% 54.9% 2.1% 17% 39% 13% 80% 04%
Tovetaeva 5.1% 40% % 17% 182% 11% 57% 11%
Mayakoveliy 7% 5.8% 35% 5915 0% 12% 7,0% 00%
Akhmatova 17.0% 24% 24% 00% 7% 1.1% 17% 45%
Trutchey 37% 3.0% 0% 0T% 5.9 556% 22% 1%
Mancelshtam 9.2% 11.8% 1.3% 53% 15.8% 13% B5% 39%
Lermortov 52% 00% 26% 00% a2% 32% 26% B7%

YT1o Mbl MOrnM Gbl NpuaymMaTb AMS1 OLEHKM KavecTBa nonagaHust B CTUNb? Bo-nepebix,
MOXXHO CKasaTb, YTO 34eCb ECTb ABa NOHATHbIX Noaxoaa. Ecnu mbl 3Haem 3apaHee CTurb,
Mbl MOXXEM HanpsiMyto Bbly4uTb KraccudumkaTop, KOTopblin ByaeT onpenensite, nonagaem
Mbl B 3TOT CTUIIb UMM HET. JTO caMoe MPOCTOE M caMoe CTaHAapTHOE pelleHue ITon
3agaun.

BTopoi BapmaHT, KOTOpbIM Y Hac 30eCb eCTb, 3TO TO, YTO Mbl, UMEeS KOpryca Nog KaxXabln
CTUNb, MOXEM Bbly4YuUTb S3bIKOBYIO MOAENb MO KaXOOMYy U3 3TUX KOPMYCOB U MbITaTbCS
CpaBHMBATb NEPMNSIEKCUIO KAKOrO-TO TEKCTA C ATUMM MOAENSAMMU.

O6a noaxoda 3akOHOMEpPHbl; BTOPOW, C MPAMOW Kraccudukauuen, oBblMHO npolle
MCMonb30BaTh, AN TOro YTOObl B TAKOM 3aKpbITOM BUAE KNaccuduuMpoBaTb TEKCT Mo
NPUHAANEXHOCTU K TOMY UM MHOMY CTUIIO.

12



style matching
classification can be tricky

Toxicity Mitigation

You are a s&"A@, Im o -
JB‘?]"E tok*A@ you! [gs_/w] : ="
[It you're a person of color, ... ‘ A f
Muslim, or gay, let's talk! e Mus I x

| We are dismantling miso-
gyny and homophobia Y *

% Also sorry for the late = Also sorry for the late
| 5 5% 3 5%
|_update again. update again. [N

benign generation % toxicity score < 0.5 comrectly mitigated
{ harmful generation toxicity score>0.5 Y falsely mitigated

Figure 1: Unintended side effect of automatic toxi-
city reduction methods: Over-filtering of text about
marginalized groups reduces the ability of the LM to
generate text about these groups, even in a positive way.

[arXiv:2109.07445]

Ho B uenom 3to HeTpuBManbHas 3agadva. BoT s B3an 4bto-To paboTy OTHOCUTENbHO
CBEXYIO MO AeToKcUpMKaLMmM, U NokasaHo, YTO MoAenb OOblYHO MepeyyYmBaeTcsl Ha To,
YTOOblI OTNMYaTb KakMe-TO MapKepHble CNoBa, MapKepHble TOKEHbI, U MPU 3TOM 3TO He
SIBNSIeTCH onTUMarbHbIM pelleHneM. To ecTb oHa u3beraeT Kakmx-To CroB, HO 3TW CroBa
MOryT ObITb MCMOMb30BaHbl B pa3HbIX KOHTEKCTAaX, Tak YTO eCTb JIOXKHble cpabaTbiBaHMS U
yoaneHus,, W getokcudukaums Tex TEeKCTOB, KOTopble He  OOMmMKHbl  OblTb
AeToKcuprLMpoBaHbl. [103TOMY HY>XHO MOMHUTb, YTO B MOCTAaHOBKE C KraccudukaTopamm
nepBoe, YTO MOAENb Y4YMUT, 3TO KaKMe-TO MapKepHble CroBa, CNOBOCOYETAHUS U HA HUX
NnepeonTUMMU3NPYETCS, ECNN 32 3TUM He cneauTb. B Tom e YELP ecnin y Hac Byaet cnoeo
«MNJI0XO0W», 3TO ByAeT MapKep CTUNS OTPULLATENBHOTO.

Ho ecnu cnoso BCTPETUTCA B KAKOM-TO COHYETAHUN «HE NIOXON», TO 3TO MOXET NPUBECTU K
TOMY, 4TO Mbl HENPABUITbHO onpeaennm CTUsb.

13



content preservation

syntax similarity (BLEU-family, ...)
embedding distance

learnable

human eval

HakoHel, Ham XOo4eTcs KOHTPONMMPOBaTb COXPaAHEHME KOHTeHTA. KOHTEHT coXxpaHsTb
[AOCTaTOYHO TSXKENO, MOTOMY YTO Mbl HE 3HaeM, 4To 3T0 Takoe. OBbIYHO 34eck paboTaeT
npaBuno «BoNbLIOrO NanbLa», TO eCTb Mbl FOBOPUM, YTO Mbl 3KCMMMUUTHO 3a4anu CTUNb
Kak HeKui aTpmbyT NPUHaAANEXHOCTM K OQHOMY 13 KOPMYCOB, a BCE ocTarlbHOe Mbl Byaem
Ha3blBaTb KOHTEHTOM. Takol Noaxop, fnyylle, YeM HUYEro.

UTo 4enoBeyecTBO NpuaymMano B MfaHe CcoXpaHeHWsi KOHTeHTa? Bo-nepBblx, ecTb
OFPOMHOE CEMENCTBO, NpuLleaLllee K HaMm 13 NMT, U eCnn y Bac eCcTb Takasi pOCKOLLb, Kak
napannernbHbI KOPryc, Bbl MOXXETE ee UCMoNb3oBaTh. B nepByto ouyepeab 3To0 CEMENCTBO
METPUK, BbipocLuee 13 BLEU, X 04eHb MHOTO.

BTtopoe - y Hac ectb amMbeaauHri, KOTopble, €CnNu KONHYTb NOrny6xe, NpULWIAN K Ham mn3
npegnonoxeHuns, 4To BepHa distribution hypothesis. ECTb Takoe cunbHOe yTBepXxaeHue,
YTO CEMaHTMKa CINOBOCOYETaHUSA TMOSNHOCTbIO OMNpedensieTcd €ero  MHOXECTBOM
AOMNYCTUMbIX KOHTEKCTOB. W no cyTn, korga Mbl y4nMMm Kakyto-HMbyab Gonbluyto MOAernb
TMna BERT Ha NOCTAHOBKY TOKEHOB, TO Mbl Ae-akTo 3KCMnyaTupyeM WMMEHHO 3Ty
Npeanochbifiky WM nonydaem ambenauHrn, KOTopble MNO3BONSOT U3 KOHTEKCTOB
BOCCTaHaBnumeaTb. [0ns BERT u Word2vec normka poBHO Ta Xe. TO €CTb Mbl UCMNOMNb3yeM
KOHTEKCT KaK Onpeaensitiolnin cMmbiCi cnoBa hakT, U KOIb CKOPO 3TO paboTaeT, TO Mbl
rOBOPUM, YTO aMBeaaMHIN, KOTOPblE Mbl NOfTy4aeM B TakMX MOLENSAX, ABMSKOTCA XOpOoLUen
penpe3eHTaunen UMeHHO AONsi 3TOr0 MHOXEeCTBa KOHTEKCTOB W 3HA4YUT, YTO €Cnv Mbl
BEPUM, YTO MHOXECTBO KOHTEKCTOB oOrnpeaensieT CMbicn, To 6nu3kue no ambegamHram
CnoBa, TeKCTbl OyayT OnmM3kM Takke U no cmbicny. Ecnm 91O Tak, TO Mbl MOXEM
MCMonb30BaTbh OTOBbIE CYLUECTBYHOLUME MOLENM Kak CTaTU4ecKnx amOeaauHroB Tak w
ANHAMUYECKNX, U Kakoro-HMbyab ero TpaHcdopmepa. B obwem, nwobon n3 noaxonos,
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AalolWux Ham Xxopowwue ambenauHri, XOpollne B KakUX-TO ApPYrux 3agadax, MOXeT
NOAOWTU 1 30EeCb KaK HEKas MPOKCU-METPUKA AN CPaBHEHUS CEMaHTMKM ABYX TEKCTOB.

OTO Mbl FOBOPUM MNPO TO, YTOOLI B3ATb rOTOBLIM aMOeaaMHr U cpaBHMBaATb. HO MOXHO
NOWTW eLle Aarnblue, U eCfiv Y Hac eCTb KaKoW-TO KOPMNyC, Ha KOTOPOM Mbl MOXXEM TaKyto
MOZENb ele A0oYy4YMTb, YTOOblI OHa Nnydlle pasnuyana ceMaHTU4eCcKy 6NmnM3oCcTb TEKCTOB,
TO 3TO MOXHO npogernaTtb. To eCTb Mbl MOXEM B3ATb rOTOBble SMOEOANHIN U elle MX
AOTIOHUTb UMEHHO Ha 3agady CpaBHEHUSI CEMaHTMYeckon 6nuaocTtu. Takne paboTbl Toxe
€CTb.

BLEU family

sacreBLEU - standardized BLEU implementation
char-BLEU

chrF - char based f1-score

NIST - BLEU reweighted by n-gram rareness

ROUGE - recall instead of precision

METEOR - WN-synonyms, recall, precision, order penalty
GLEU - google BLEU, 1-4 grams, min(prec,rec)

RIBES - uses rang correlation btw n-gram matches
[W]mpF - F-score on word, morpheme and POS ngrams
[NJLEPOR - recall and precision, lemmas, positions, ...

BLEU camo no cebe — 910 y HaC eCTb TEKCT UCXOOHbIW, TEKCT pe3ynbTUpYHLWUK, 1 Ang
pesynbTUPYIOLWEro TekCcTa Yy Hac eCTb HEKOTOpOEe KOSIMYECTBO 3TASIOHHbIX, TO €eCTb
HanUCaHHbIX BPYYHYIO MOObMW TEKCTOB, U Mbl CPaBHMBAEM pPe3yNbTUPYIOLNNA TEKCT C
3TanoOHHbLIMU U NbITAEMCHA OLEHUTb, HACKONBbKO OH NOX0X. B cnyyae ¢ BLEU 3TO NocnoBHoe
CpaBHeHVe, 3HrpaMMHOE CpaBHEHWEe [0 4eTblpex-rpaMMm , U CyLlecTBYeT MUSTNOH
Moaudukaymn.
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LEPOR, for example

: automatic machine translation evaluation metric
considering the enhanced | ength Penalty, n-gram Fosition
difference Penalty and Recall

In our evaluation, we used

— hLEPOR = Harmonic(wypLP, Wypospenat NPOSPenal, wypp, HPR)

n
Z{:] Wi _ Wip+Wnpospenal tWHPR

= E" Wi — W(E+WE£EEEE "ll[.g.wf[ER
t=1Factor; LP = NPosPenal = HPR
FTEPOR . — 1 SentNum
— hLEPOR, = mzizl RLEPOR;thsent

(best metric from ACL-WMT 2013 contest)

Honroe Bpemsi B coobLiecTBe Obinia NpsiMO «rOHKa BOOPYXXeHWI». Hanpumep, y Hac ecTb
LEPOR, koTopbin B 2013 rogy nobeaun Bcex B KOHTECTe, U BOT hopmyna, KoTopas 34ech
npeacTaBneHa, roBOpUT, YTO YXK 3TO-Ta METPUKA nydlle Bcex onpeaenset. [Ang Hac aT1o
BCE NpeacTaBnsieT, cKopee, UCTOPUYECKMN UHTEPEC, NMOTOMY YTO Mbl 3HaeMm, 4To BLEU
paboTaeT He 04EHb XOPOLLO.

how to choose?

o gu-en kcen lten /

16 12 1 1 1 14 15
Correlation vl Tl Jr I v Irl Irl
BEER 0.906  0.993 0.952 0.947 0.915 0.942
RERTR 0.9268 0.071 0874

BLEL 0.849 0.879  0.599

CDER 0.890 0.892 0917
CHARACTER 0.898 955 0923 0943
curF 0.917 0. 0.94 6

6
0.050  0.049

SACREBLEU.BLEL

SACREBLEU CHRF 35 55

FR 0.960 708
WER 3 0861 0911 0820
WMDO 0000  0.042  0.943
YIS 0927  0.958  0.937
YiSk1 0951 0.979  0.979
YISI-1_$RI 0.983  0.978 0477

QE as a Metrie:

1M 1-MORPHEME 0345 0710 - - 0487 - -
IGM 1-POSAGRAM 0.339 - - - -
LASIM 0247 - - - - s -
LP 0474 - - - - 05 -
UNT 846 0930 0.805

UNI | 0.850  0.004 0808

Yisi-2 0796 0642 0366 0320 0412 0330 0990
YISI-2_ SRI 0801 — - & = - 0847

newstest2019

Table 3: Absolute Pearson eorrelation of to-English system-level metries with DA human a

s of metrics not significantly outperformed by any other for that 1
are highlighted |

[Results of the WMT 19 Metrics Shared Task: Segment-Level and Strong MT Systems Pose Big Challenges]

OTnX MeTpuK MHoro. Hanpumep, Tpu roga Hasag Obin KakoOn-TO O4epeaHOM KOHTECT Ha
nepesod. Mbl MOXeM NOCMOTPETb, YTO B pPa3HbIX A3bIKOBbIX Mapax B pasHbIX Criydasax
pasHble MeTpukK nyywe pabotatoT. To eCcTb yxxe 3BOMoLUMS NpuLna B HEKOTOPbIN TYMHUK,
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Korga y HacC yXe KOIn4ectBO METPUK TaKoe, YTO Mbl BCerga MoXemM Bbl6paTb Takylo,
KOTOpas HamMm 6y,u,eT yduwle BCero nogxoauTtb nog Hawly Mmoaesib, 4To He O4EeHb YECTHO.

MobGanbHO MOXHO ckasaTb, YTO Y HacC OObIYHO HET napannenbHbIX KOpNycoB v BLEU Mbl He
MOXEeM MCMNoSIb30BaTb, OAHAKO €CTb XakK, KOTOPbIN Ha3blBaeTcsA self-BLEU.

embedding distance metrics

w2v/glove/fasttext/...
avg/max

ELMo

BERT-score

e o o o o

lMockonbKy y Hac 4yacto aMbefauHrM BCE-Takm MOCMOBHbIE, @ CPaBHMBATb Mbl XOTUM
TEKCTbl, TO HaM HYXXHO elle npuayMbiBaTb BCSKME 3IBPUCTUKW, KOTOpble cobupatoT
TEeKCTOBble 3aMOeaAMHIM M3 MOCMOBHbLIX. TO MOXHO AenaTb NyNSIMHIOM, YCPeaHEHNEM,
MOXHO BpaTb TOKeH CLS, MOXHO elle 4YTo-TO Aenatb. B pabote npo meTpuku, Kotopas
HasblBaeTcs BERT-score, AenaeTcsl NOMCK MWHMMAaKCa, TO eCTb ANA KaXOoro crnosa Mbl
aenaem ambenauHr OBYX TEKCTOB MOA TOKEH, a 3aTeM AN KaXOoro TOKeHa uLem
Gnvkanwm B opyrom TEKCTE U YCPEAHSIEM, CYMTAaeM MakCMMaribHOe pacCTosiHME cpeau
MUHUMaIbHbIX PacCTosAHUW. HeT HUKakuMx yHuBepcanbHbIX peleHun. Hago cmoTpeTs,
€CNn y Bac eCTb Kakasf-TO Balla 3ajaya, Balla pasMeTka, MOXHO MOonbITaTbCs N0 Hew
noaobpaTb unu BelbpaTb ONTUMarbHY0 METPUKY. HO Ha camoM aene Ha yauBreHne gaxe
Fasttext paboTaeT OTHOCUTENBHO HEQYPHO B OOMbLUMHCTBE CryYaes.
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learnable metrics

ROSE
VERTa
MEWR
SIMILE
BLEURT

Kak s ckasan, ewe ectb obyvyaemble MeTpukn. Kaxabli MOXeT caenatb obyyaemyto
METPUKY, €CNIN Y HEFO eCTb NOAXOAALLMIA KOpryC 1 cBobogHoe BpeMs. HO onacHOCTb Takux
METPUK 3aKroyaeTcsl B TOM, YTO KOrda Bbl YYUTECb Ha BalLeM KOpryce, Bbl HNYEro He
3HaeTe npo To, KaK aTa MeTpuka cebs nosedeT 3a npegenamm 3Toro KOHKPETHOIo A0OMEHa,
B KOTOPOM Bbl €€ TIOHWUAN. A 4acTo XopoLlas pasMeTka eCTb B OAHOM MeCTe, a NPUMEHATb
NOTOM 3TY METPUKY K TEKCTaM, rae HET Takon pasMeTKn, MOXeET BbITb ONacHo.

Mbl NOKa He O4YeHb XOPOLIO YyMeeM paboTaTb C CUTyaumen, Korga MeTpyka unv Moaenb
YYUTCHA Ha OOHUX AAHHbLIX, @ MPUMEHSETCSA NOTOM Ha CYLLECTBEHHO MHbIX JaHHbIX, U 3TO
addekTUT NogobHble MeTpukn. CnegyeT cneanTb 3a 3Ton Npobrnemon NnoTeHunanbLHON.
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content preservation

Premise: [arXiv:2004.05001]
dist(random pair) > dist(style transfer pair) > dist(paraphrase)

Metric Bibles Paralex Paraphrase Yelp! GYAFC GYAFC GYAFC Yelp! GYAFC GYAFC GYAFC Bibles Paralex Paraphrase
d

random random random random random random random rewrite rewrite infor formal
rewrite rewrite informal formal

POS 14 10 8 9 11 12 13 1 4 7 6 3
Word overlap 10 9 14 1 12 13 8 4 3 6 1 5 7
cheF 9 10 14 11 12 13 8 4 7 3 1 5 6
Word2Vec 8 12 14 11 7 10 9 4 5 3 1 6 13
FastText 7 12 14 11 9 10 8 4 3 6 2 1 5 13
WMD 8 13 14 11 10 9 12 4 1 6 3 5 7
ELMo L2 8 13 14 12 11 10 - 4 5 1 6
ROUGE-1 10 9 14 11 13 12 8 5 6 1 -
ROUGE-2 10 9 14 13 12 8 11 4 6 1 5
ROUGE-L 2 10 14 11 13 12 8 4 3 7 2 1 5 6
BLEU 10 11 14 12 13 8 9 4 5 2 1 7
Meteor 10 9 14 1 12 13 8 4 7 2 1 5 6
BERT score 10 9 14 8 12 13 1 3 4 7 I 2 5 6

10 1 7 3

Human Labeling 9 14 13 8 12 1 5 2 4 6

Table 3: Different semantic similarity metrics sort the paraphrase datasets differently. Cosine similarity calculated with

Word2Vec or FastText embeddings do not comply with Inequality M (D,) < M(D,). All other metrics clearly distinguish

randomized texts from style transfers and paraphrases and are in line with Inequalities 1. However, none of the metrics is

completely in line with human evaluation.
B ogHon n3 Hawwmx paboT, rae Mbl Aenanu Ha aHanm3 MEeTpuK, Obina npocTas naes: Mol
B35 MHOTO CYLLIECTBYHOLLMX KOPMYCOB, KOTOPbIE pa3bunm Ha HECKOMNbKO KnaccoB. To ecTb
Mbl B35NM CYLLECTBYIOLIME KOpMyca, KOTOpble HasblBalOTCs Kopryca napadpas. 3T1o
napannenbHble Koprnyca napadgpas. To ecTb Yy Hac ecTb [f[Ba TekcTa unM [Ba
NpeanoXeHns, Npo KOTopble M3BECTHO, YTO 3TO Napadpas, TO eCTb CUHOHUMUYECKNE, MO
CyTU, TEKCTbl. DTO NOXOXE Ha CTWUMb, HO ¢ 64NbLUMM TpeboBaHMEM K content preservation, C
OOHOWN CTOPOHBbI, M OTCYTCTBMEM KaKOW-NIMOO CTUNEBOM MApKMPOBKK B Takux napax. Mol He
roBOpUM, YeM OfHa hpasa OTNMYaEeTCa OT APYron, Mbl NULLL FOBOPUM, YTO OHWU COBMagatoT
NN 6riMskmn No CmbICHy.

BTopon knacc KopnycoB, KOTOPbIA Mbl B35ifN, — 3TO HEOONbLLIOE KOMNMYECTBO AOCTYMHbIX
napannenbHbIX KOPNycoB co cTurnem. Yl Tpetnin knacc Mbl caenanu camn: 3To paHLOMHbIN
pairing NPeanoXeHun, NPUYEM U3 TeX Xe cambiX KOprycoB napadpas 1 CTuneBbix. 3a4em
Mbl 3TO cgenann? Mbl paccmaTtpuBany Tam Ba BapuaHTa noctaHoBku. Nepsbin, 6onee
CUNbHBIN BapuaHT — 3TO AdaBavTe OXuaaTb OT METPUKM, UYTO OHa napacdhpasbl Oyaet
cynTatb Oornee ONU3KNMMKU, HeXenu NPeanoXeHWs B pasHblX CTUNAX C OOWMHAKOBbIM
CMbICIIOM, @ MpeanoXeHUs B pasHbIX CTUNAX C OOMHAKOBbIM CMbICIIOM Bygem cumtathb
B6onee Gnu3knummK, Yem OBa CriyvarHbIX NPEANOXEHNa U3 OAHOro Koprnyca. 3To cunbHas
noctaHoBka. A B 6onee cnabon nNoctaHOBKE Mbl XOTUM, YTOObI 1 Napa NPeAnoXeHun ¢
pasHbIMK CTUASMW, U Napa NpeanoxeHnn M3 napadpas bbina rapaHTUPoOBaHHO Bnvxe,
Yyem paHgomMHas napa. M ucnonb3ys Takom premise, MOXHO MOCMOTPETb, Kak pasHble
METPUKM YNOPSAOHMMBAIOT pasHble Kopryca no 6rmM3ocTu, N CpaBHUTb 3TO B TOM YuUChe C
4YenoBeYyeCcKom Pa3MeTKOMN.
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content preservation

Premise:

dist(random pair) > dist(style transfer pair) > dist(paraphrase)

POS-distance Word overiap chiF Word2Vec FastText WMD

POS-distance 1,00 0,73 0,71

Word overlap 0,73 1,00 0,98 0,80 0,84
chrF 0,71 0,98 1,00 0,79 0,83
Word2vec  [IINGEE 0,80 0,79 1,00 0,98
Fastfext  [MNOMA 084 0,83 098 1,00
WMD 0.69 0.86 0.89 0,87 0.86
ELMO L2 0,66 0,92 0,83 0,88 0,90
ROUGE-1 0,71 0,89 097 0,78 0,83
ROUGE-2 Q72 0,91 0,89 0,79 0,81
ROUGE-L o7 0,98 089 0,78 0,83
BLEU 0,68 0,92 0,92 0,82 0,85
Meteor 0,74 0,99 099 077 0,81
BERT score 0.82 085 0.3 073 0.76
Human score 0,72 0,80 0,83 0,64 0,65

0,69
0,86
0,89
0,87
0.86
1.00
0,96
0,86
0,92
0,89
0,92
0.86
0.85
0,89

ELMO L2z

0,86

ROUGE-1

0,71
0,99
0,97
0,78
0.83
0,86
0,92
1,00
0,93
0,98
0,93
0,98
0.94
0,82

[arXiv:2004.05001]

ROUGE-2 ROUGE-L BLEU

072 0,71

091 0,98
0,89 0,99
0,79 0,78
081 083
092 0.89
0,92 0,94
0,93 0,98
1.0 0,91
081 1,00
0,96 0,94
0,90 0,99
0.87 0.94
0,81 0,83

Meteor

0,74
0,99
099
0,77
081
0,86
0,92
0,98
0,90
099
0,92
1,00
0.95
0,80

Figure 1: Pairwise correlations of the orders induced by the metrics of semantic similarity.

Mbl NOCTPOMAN Kakyt-TO TEMSIOBYKO KapTy, MOCMOTPENU, U OKa3blBAeTCHd, YTO MeTpuKa
WMD y Hac okasanacb Hambonee 6nu3konm k Human score. Mimente B Buay. o kpanHemn
Mepe, B TaKOM NMOCTAHOBKE OHAa AOCTATOYHO Henmoxo cebsa nokasana. Ho npu atom Hago
3aMeTUTb, YTO BCE paBHO OHa ganeka OT maeana M Mbl He TO 4TOObI cMmoOrnu ee

BOCMPON3BECTM OYEHb XOPOLLIO NMOPSAAO0K, KOTOPLIA 3aaanm.

content preservation

Metric Correlation Correlation Variability
of the metric  of the induced of the metric
with human orders with on random
evaluation human-induced order  sentences

POS 087 072 37.0%

‘Word overlap 0.89 0.80 23.8%

chrF 0.9 0.83 17.2%

Word2Vec 0.46 0.64 88.6%

FastText 0352 0.65 86.3%

‘WMD 0.92 0.89 12.3%

ELMo L2 0.82 0.86 53.3%

ROUGE-1 09 0.82 33.5%

ROUGE-2 0.84 0.81 4.5%

ROUGE-L 0.89 083 33.4%

BLEU 0.72 0.84 0.2%

Meteor 091 0.80 19.5%

BERT score 0.89 0.82 23.1%

Table 4: WMD shows the highest pairwise correlation with
human assessment similarity scores. The order on fourteen
datasets, induced by WMD also has the highest correlation
with human-induced semantic similarity order. Variability
on random sentences is a ratio of the difference between the
maximal and minimal value of a given metric on the datasets
of random pairs and difference of the maximal and minimal
value of the same metric on all available datasets.

BoT eLle 13 Ton xe ctatbmn HEeKOTOpPble pe3yrbraThl. Mb! nbiTanucb NMOCMOTpPETb, HACKOJIbKO
MEeTpUKa cTtabunbHa, HackonbLKo ee konbacut Ha cnyqa|7|Hb|x npeanoxXeHmaAax, HaCKkoJibKO
Xopowo yaaeTcd BOCCTaHOBUTb MNOpAAOK Ha Kophnycax. OkasblBaeTcsi, 4YTO gaxe B

Table 5: Scores for the orders induced by different semantic

0,82
0,95
0,93
073
0,76
085
0,87
0,84
0,87
0,84
0,87
0,95
1.00
0,82

[arXiv:2004.05001]

Metric Number of ranks Number of swaps
coinciding with needed to reconstruct
human-induced ranking human-induced ranking

POS 3 16

Word overlap 1 15

chiF 2 14

Word2Vec | 16

FastText 2 17

WMD 1 11

ELMo L2 4 11

ROUGE-1 0 15

ROUGE-2 2 13

ROUGE-L 2 14

BLEU 3 13

Meteor 2 15

BERT score 3 13

similarity metrics.
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0,72
0,80
0,83
064
0.65
0,89
0,86
0,82
0,81
0,83
0,84
0,80
0,82
1,00



XOpOLLeM criyyae ¢ meTpukon WMD TpebyeTcs 11 nepecTtaHOBOK, YTOObl BOCCTAHOBUTb
paHXupoBaHue.

Tak nnu nHaye Mbl B3ANU Kakyl-To METpUKy Ansa content preservation — Hanpumep, WMD
nnu FastText, HeBaXxHO, N BLEU.

which is better?

70-

Tian e, al (2018) without LM Tiom i 3l CoNAE] fui
=

60- e

Lietal, (2018) Template Hu et. al (2017)

30 - Tian et, al (2018) without POS

Li et al, (2018) Dalete
2
[ -
@

Li et al, (2018) DeleteAndRetrieve

Shen et al (2017)
-

Li et al, (2018) Retrieve

Prabhumoye et al, {2018)

Kak Mbl Tenepb MOMMEM, YTO y Hac 3agadya peuweHa xopowo? OctaBnsasa fluency 3a
ckobkamn, Mbl XOTUM, YTODObI y Hac, C OQHOM CTOPOHbI, XOpPOLWO paboTan TeKCTOBbIV
TpaHcdep, a C ApYron CTOPOHbI, COXPaHAIICHA CMbICHI.

OTNOXMM Mo ropm3oHTann TOYHOCTb MonagaHus B CTUMb, a MO BepTUKanu — KayecTBO
COXpaHeHusi cMmbicnia. JTo peanbHas pabota. Kak noHATb, kakass pabota nydwe?
BeposTHO, Tian 2018 roga ny4wle, Yem Shen 2017 roga, HO MOXEM 11 Mbl YTO-TO €LLe Npo
3TO cka3aTb? Cenyac HEMHOXKO fy4lle CTaro, HO ecriv NOCMOTPETb PaboThl ABYX-, TPEX-,
yeTblpexrneTHeln gaBHOCTY, Oblna Takas onumnvana, koraa Bbixoguna criegytowas pabora
1 rOoBOpPWIa, YTO «Mbl — state of the art, TOTOMY YTO Mbl YBENNYUNN accuracy MO OTHOLLEHWUIO
K npeablaywum pabotam». MNoTom BbIxogun crnegytollas pabota n roeopuna, Yto «Mbl —
state of the art, TOTOMY YTO Mbl YBENMYUNK BLEU NO OTHOLLEHMIO K NpeablayLnum pabotam»,
a accuracy Npu 3TOM Y HUX ObIn HUXKe, 1 3TO ObINO A0BOMLHO rPYCTHO. Tak Aenatb He Hafdo.
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goals trade-off

* input copy

content preservation

style sample spam

x

target style accuracy

A kak Hago genatb? Hago onga Hayana chopmynupoBaTh, YTO NOCKOSMbKY CTUSTb M KOHTEHT
He 4ABMSTCA OPTOroHanbHbIMW, TO Y Hac B pearibHOCTU eCTb BOT Takon Tpena-odpd.
KpacHble KpecTuKW, KOTOpble S HapucoBan OT PYKW, COOTBETCTBYIOT ABYM MOHATHbIM
BblpaXXEHHbIM cnyyasMm. B ogHOM cnyyae Mbl MOXEM CKOMMPOBATb BXOA4 Ha BbIXOn U
NonyynM uaeanbHbI content preservation, M NOMNYYMM OTBPATUTENbHLINM, B CMbICNE
HeraTuBHbIN HyNeBown style transfer accuracy. C Apyrov CTOPOHbI, Mbl MOXXEM 3aNOMHUTb MO
KaXXgoMy CTUAK0 Kakoe-HMOyab O4HO MpennoXeHne U BblgaBaTb €ro Ha BbIXOA4, Uy Hac
Oyoet ngeanbHbIn style transfer u 6GNM3KNiA K HyNeBoMy content preservation. M peanbHble
CUCTEMbI — BCE Ha 3TOM (PPOHTE MeXay 3TUMU ToYKaMn. M YTO HY>KHO AEMOHCTPUPOBATb,
€CN1 Mbl XOTUM MOKa3aTb, YTO Mbl YNYyYLUNIIM PELLEHNE 3TOW 3aaaymn? Hy>XHO nokasbiBaTb
Kakyto-To [MapeTo-onTMMmmnsaumio, To ecTb yry4dlleHNE UNN HeyxyaweHne no obonm ocam
MEeTPUKKN. TONbKO B 3TOM Crlydae MOXHO roOBOPUTb O TOM, YTO Mbl caenanu 4to-To ny4le,
MHa4ye Mbl MOXeM AOMro ABUraTbCA MO 9TOM KPUBOW TyAa-ctoga M nucaTb Npo 3TO pasHble
paboThbl.
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unstable balance / unfair reporting

70 -

60 -

BTtopoe BaxHoe HabnwogeHwe, YTO Korda y Bac eCTb BOT Takom Tpeng-odpd v Bbl B
00y4YeHUn NblTaeTecb METPUKM ONTUMU3NPOBATb, KaK 3TO YacTo ObiBaET, 3TO NPMBOAUT K
HeycToM4ymMBoCTU. Mbl genanun aKCnepuMeHTbl ¢ HawumMm mogensmu. CUHeHbKne — 3To
HaLlK, a KpaCHEHbKME — 3TO NpeLecTBEHHUKM, U Mbl gernanu rno 10, no 20, no X 3anyckoB
0byyeHnss 0 ANHAKOBOW MOAENN Ha OL4HUX U TEX XXe AAaHHbIX, CllydYanHO nepemMeLlaHHbIX, 1
30ecb OnuHa JanoK Yy KPecTUKOB COOTBETCTBYET OUCMNEPCUM, COOTBETCTBYET TOMY,
HACKOSTbKO OfHa W Ta e Moferlb MOXeT faBaTb pasHble pesynbraTbl. [JencTBUTeNnsLHO
€CTb HEeYCTOMYNBOCTb, CBA3AHHAdA, BEPOSITHO, C 9TUM Tpena-odpdom, 1 B 3aBUCUMOCTU OT
TOro, B KakoM nopsiake Bbl nogaete oby4arolime gaHHble, Bbl MOXKETE COBUTD Yyry4lleHne

SAE + Discriminator

oap Discriminator

Tian et, al {2018) without POS

E’fif

Tian et, al (2018)
Li et al, (2018) Template
Huet. al (2017)
Tian et. al (2018) without LM

Li et al, (2018) Delete

Lietal, (2018) DeleteAndRetrieve

Shen et. al (2017)
e
—

Lietal, (2018) Retrieve

Prabhumoye et o, (2018)

93

UNn yxyaLeHue no ogHon 13 MeTpuk. OTO CrneayeT yunTbiBaTh.
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Text style transfer approaches

approaches
e template / edit based [arXiv:2005.12086, .. ]
e TST as NMT [arXiv:1707.01161, ..]
e TST as UNMT [arXiv:1711.00043, ..]
e Z-space search [arXiv:1905.12926, .. ]
e disentangled representations [arXiv:1808.04339, .. ]
e ..more

See also: [arXiv:2109.15144]

Ectb HEKOTOpPOE KOJIN4eCTBO BELLEN, KOTOpblE, KaK MHE KaXeTCd, BaXHO pa3fenAaTb n
o6pau_|,aTb BHMMaHWEe Ha TO, YTO NMPOUCXOAUNT B Ka>KOAOM N3 3TUX HanpaBneHvM.

template / edit based

T T ————— is slow but there was great [ 2::::22: ] to detail .

eye 0.185885 regard
e 0.175180 time
cat 0.035072 effort

bear 0.032281 access
streak 0.023462 care
fox 0.017081 eye

loss
work

coat 0.015879

Camoe npocToe, 4To MOXHO cebe NpeanonoXuTb, 3TO TO, YTO Ha3biBaeTcs template based,
unun edit based nogxon. OH xopowo paboTaeT ¢ KOPOTKMMU TEKCTAMM N OH Kak pa3 He
OYeHb MHTEPECHbIN, TPUBMUASIbHBIN, HO HE YNOMSAHYTb €ro Henb3s. Peyb naet npumepHo o
TakoW KOHCTpyKumMn. Mbl MOXeM TemM unu MHbIM cnocobom peluatb 3agadvy novcka u
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NMOTOKEHHOM 3aMeHbl OAHOro TeKcTa, Mnoka Mbl He npuwrin. K TEKCTY, KOTOprI7I
yOoBIETBOPAET HalUMM NOXENaHUAM. MoxenaHna Y HacC npexHue: Mbl XOTUM, 4YTOObI
NOMEHSSICSA CTUMb U YTOOLI NPN 3TOM KaK-TO CO3paHUNIICA KOHTEHT, CEMaHTUKa, BOT 3TO BCE.

Kak Mbl Moxem 3To genatb? Mbl MOXEM MbiTaTbCA KOHTPONMPOBATb CEMAHTUKY C
MOMOLLBIO KaKoOW-TO METPUKWU, KakoW-TO MOAEenu, Kakoro-to ambeaauHra, a npu 3ToMm
BbISIBNATb, KAKON U3 TOKEHOB MOXHO NMOMEHSTb Hanbonee ycrnelwHbiM 06pa3om, YTOObI
CTuUnb uameHuncs. Ho aT1o A ceyac o4eHb GaHanbHbIA NOAX0d U3MNOXWM, a B MpUHLUMUNE
noxoxkasi Iormka MoXXeT CTOATb 3a 6onee CnoXHbIMU NOAX04aMU.

template / edit based

Encoder Classifier
(Generate pmccss)
~ . A
The food is
train? feedback
1) prob < a s I
2) ratio of contlent < § The food is  delicious [end
Classifier N Decoder
(Delete process) (Generate process)
[ [style] [start] The food is delicious
The food is tasteless

Figure 1: The proposed model framework consists of Delete and Generate process. Delete process is a method
using a pre-trained classifier, and the Generate process consists of an encoder and a decoder. In the training time,
our model receives feedback from the classifier’s probability of the generated sentence.

[arXiv:2005.12086]

Hanpumep, B aToil paboTte, KoTopas, KaKeTcs, HasbiBanach, Delete and Generate, Mbl
CMOTPMM Ha NPEeANoXeHNe U B HEM HaxoOum CroBa, KoTopble Knaccudukatop cymTtaeTt
cTuneBbiMM Mapkepamu. Mbl 9TU croBa yaansem W MOTOM [OeKoAepoM MbiTaeMcs
HanMcaTb HOBOE MpeanoXeHue, U OeKodep BCTaBnsieT BMECTO yaaneHHbIX CroB apyrue
cnosa.

OTO Ha caMOM Aene O4YeHb Y3KO€ NoOAMHOXECTBO 3adady TEKCTOBOIO Tpchcbepa. Mol He
roBOpuUM Mnpo Kakoe-To0 U3MeHeHune noaTu4eCKoro Ctund, a Aana 3agad Tuna nepenncatb
npegnoxexHne ¢ ogHoro CEHTMMEeHTa Ha NpOTMBOMNOJSIOXKHOE — 3TO BIMOJIHE pa60Ta|ou.|,a;|
KOHCTPYKUWUA, KOTOpad bonblle noxoxa He Ha 3BPUCTUKY, HO B 0oOLLUEM MOHATHO: Mbl
BbllUMOaeM 3T cnoea 1 reHepupyem HoBble.
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template / edit based

TargetScore SourceScore Score
Marie 000 011 00¢ 0.00 0.00 0.00 SORDY -0.01 -0.02 0.00 000 012 001 0.02 0.00
Curie 000 000 00¢ 0.01 0.00 0.00 -0.03 -0.01 -0.00 0.00 0.00 -0.02 -0.01 0.01 0.00 Random Sample of Correct MASKER Predictions
0.00 000 0.00 0.00 0.0L 0.00 000 .00 000 -0.00 000 000 0.00 0.00 0.01 g .
was : Source 50 far i *m not really impressed .
- born ©o0 000 000 00z 000 0.00 000 0.00 -0.00 -0.00 000 000 0.00 0.02 -0.00 Broboion sobari’mieally leried.
3 in 000 000 004 0.02 007 0.00 000 018 -0.01 0.00 000 000 -012 0.00 0.07 -
= poland e fER)on o oo 5 veo e oo JERR ot g om Source either way i would never recommend buying from camping world
ES " 000 [EHIRR s o2 L gl g 000 036 BEEY 0.06 0.2 Prediction  either way i would recommend buying from camping world
& She 000 0.01 001 001 00L 0.00 0.00 -0.00 -0.00 -0.00 000 001 001 001 0.01 Source this is a horrible venue
5  died 000 001 001 001 0.00 0.00 0.02 -0.00 -0.00 -0.00 0,00 -0.01 0.00 0.01 0.00 Prediction  this is a great venue .
=1 00 00 0 5 0.0 3 =
%) LR T g 00 s a1 Obo: D00 R 19 Source this place is a terrible place to live !
the o 0.0¢ 0.00 0.00 0.00 0.02 D00 0.00 000 001 0.07 0.00 0.00 Prediction  this place is a great place to live !
France 002 010 00¢ 000 0.00 011 012 000 0.00 0.00 -0.08 -0.01 0.00 0.00 0.00 S - : .
000 000 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 000 000 0.00 0.00 0.00 et 4 IR One GF e com peaplc
. Prediction i 'm one of the corn people
000 000 0.00 0.00 0.00 0.00 000 0.00 000 0.00 000 000 000 0.00 0.00
0012 3 4 01 2 3 4 01 2 3 4 Source this is easily the worst greek food i "ve h..\q in my life .
Prediction this is easily the best greek food i 've had in my life .
#deleted words #deleted words #deleted words

Source the sandwich was not that great
Prediction  the sandwich was great

Figure 1: MASKER replaces span . She” by “and Sowtc  imalsonoly very clcan park
[PAD] [PAD] [PAD]”, resulting il’l the following Prediction its also a very clean park
fused sentence: Marie Curie was born in Poland and

died in the France .

[arXiv:2010.01054]

UyTb Gonee, Ha Mou B3rns4, NpUATHas u npoctas paboTta, kaxercd, okTabpst 2020 roga.
EcTtb 6a30BblIi BERT 1 €CTb HECKONbKO €0 BEPCUIA, MOTHOHEHHbIX MO, KaXabli N3 KOPMNyCOB.
M oHM CcMOTPSAT Ha cnoga, No KOTOPbIM ABa NOTHOHEHHbIX BERT-a nog, pasHble CTUNN UMELOT
Hanbonbllee pacxoXaeHue B OueHKe BepoATHOCTU. I Takum 0Bpa3om OHW BbISBASHOT
CTUIEBbIE MApPKepbl U MOTYT B3ATb M NepenucaTb C OQHOMO CTUNs Ha apyron. O4YeBMaHO,
TpebyTCA KOCTbINM, MOTOMY YTO Y BacC KONIMYECTBO TOKEHOB MOXET He COBMagaTb, OHU
9TO fenaltT C NOMOLLbI NagauMHIOB AOMOSHUTENbHbLIX, TEM HE MeHee 3TO AO0BOSbHO
NPOCTOE MHXEHEePHOEe peLleHne, o4eHb HENoxo paboTatolee ¢ Tem xe Koprnycom YELP.
OndaTtb-Taku, 3TO OYMEeHb y3Kasi MoA3afadva TEKCTOBOrO TpaHcdepa, yHMBepcanbHON BeLU
OHa He pelsaeT. Ho, Hanpumep, Kakon-HMOyab OETOKC OHa MOXET AenaTb 4O Kakoro-to
YPOBHSI, KaK MHE Ka)XeTCs.

26



-

NMT-like

CONTEXT |
VEGTOR |

ATTENTION ‘ [*{FNN

WEIGHTS ‘/‘T

I strike  quickly

PONTER——,

SENTINEL
1 hit hard when I'm  angry
ENCODER
STATES

Figure 1: Depiction of our overall architecture (showing decoder step 3). Attention weights are computed
using previous decoder hidden state hiz, enceder representations, and sentinel vector. Attention weights

| are shared by decoder RNN and pointer models. The final probability distribution over vocabulary comes

|
i
|
change. ‘ I
! ‘ ‘-‘D from both the decoder RNN and the pointer network. Similar formulation is used over all decoder steps

© s e boy M . whats hochangad
Figure 2: Attention matrices from a Copy (top)
and a simple S2S (bottom) model respectively on
the input sentence “Holy Saint Francis, this is a

drasiic change!” . < s >and < /s > are start and
stop charaeters. Darker cells are higher-valued.

[arXiv:1707.01161]

Mbl Moxxem nerko cebe BOobGpasnTb NOMbITKY HayyYUTb OObIYHYIHO MOAEenb MalUWMHHOIO
nepeBoaa, ecnv y Hac ecTb naparnnenbHbli koprnyc. Takoe GbiBaeT 04eHb peako, HO TEM
He MeHee ecTb Takune paboThl, KOTOpPbIE Tak 3TO AeNaloT.

NMT-like

(a) Exsiting Methods (b) Our Methed: LaMer
Non-Parallel, Unsupervised (Roughly) Parallel, Self-Supervised
a > LM MLE Training tat+
. ® NN overpriced menu, and mediocre beef .
® . o ]
£ = i [they, menu, beef] dpgaq = 1 dorger = 1
@ “ Mining PR : Q 8 ZCEE
Imitating Learming
: (+] it
58
S-Emb. + SAS Alignment @ nothing great on their menu
Content Content 1 @ [they, menu, nothing, beef]

Figure 1: Red and blue circles represent the source dpxisy = 3 dorder = 2
and target texts respectively. (a) Existing methods §
crucially ignore the inherit parallelism within the
data. (b) Our method first mines (roughly) parallel

expressions, then learns how to transfer style with
the self-supervision from the parallel expressions.

SIC

they had such an extensive menu and the beef was delicious .

[openreview:-TSe507STVR]

A elle — 9 He 3Hato, Nonana oHa B UTOre HapyXxy WnNn Het, HO Obina Takas pabota, B
KOTOPOM MCMNONb3oBarcs cregyowmin noaxon: Y Hac ectb HenapansenbHbI KOpnyc, HO
Mbl MOXEM WCMOMb30BaTb HEKOTOPY MoAenb AOMNOMHUTENbHYI0, KOoTopas uvweT And
Haluero NCXOOHOro npeasioxkeHus B uenesom ctune HEeCKOIbKO
npeasioKeHNNn-kaHANOaToOB, MakCUMarnbHO Ha HEro MNOXOXWX, W Aarnblle MCnonb3yet
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noaxopn, 6rnmskni kK NMT. OT0 Takoe self-supervised nonyyaerca ummtauus napannenbHoro
Koprnyca npu ero OTCyTCTBUW. [JOCTAaTOMHO WHTEPECHbLIN MOAXO0A, Kak MHe KaXeTcs.
Pe3ynbraTMBHOCTb, KOHEYHO, 3aBUCUT OT MUSSTMOHA BELLIEN M TOFO, HACKOSTbKO XOPOLLO 3TO
peann3oBaHO, HO NONPOboBaTb Tak MOXHO.

UNMT-like

Zsre X X
_ G e(+, src) d(=,src) | 25 el
Xsre DM noise encoder decoder auto
-Cadv
x X
@ (& e(, tgt) di-,tgt) | " [ " Tls.
Xigt™ L tqt noise encoder Zick decoder auto
Ysre Zsrc :'(\
M e(+, src) d( -, src) X
X ~D e c ™| encoder decoder LCd
(g[ tgt previous iter it
-Eadv
M Ve c e(~, tgt) d g | X r Xigt
Xsrc"Dsrc—’ modelat 7| diee > encoder Zeat decoder cd
previous iter g

[arXiv:1711.00043]

UNMT - noaxon, KOTOpbIM HECKONbKO NeT ABurana komaHaa Facebook, gocTaTOvHO
KpacmBbln. Mbl OTKasblBaemMca OT UAEWN, YTO Y HAC eCTb NapannenbHble Koprnyca, U Mbl
6yoeMm yunTb Ha HenapannenbHblX. OHWM 3TO npuagymanu MMEHHO ANs nepesBoga W
nokasblBann, YTO ecnv y Bac eCTb O4YeHb OOMbLION HenapannenbHbI KOpryc, 9Toro
AOCTaToO4HO, YTOOblI OO KaKOW-TO CTEMNEHW HayunTb nepeBoaunk. OH ByOeT Xxyxe, 4yem
00y4yeHHbI Ha napannenbHbiX, HO TEM HE MEHEE ero MOXHO pasBumBaTb. Marus Bcero
nogxoda 3akrioyaeTca B ABYX KIoYeBblX Bewax. [lepBas — 3TO TO, YTO Mbl NblTaeMcs
aenatb back translation, Takon Knaccu4yeckumn xak, a BTopasi — Mbl NblTaemcsi, 4To0bl y HaC
MHOXeCTBO aMbeJanHIoB AS1 pasHbiX S3bIKOB, @ B Crydae CO CTURSMU — AN pasHbIX
CTUNewn, Henb3s ObINO AUCKPUMUHATOPOM Pa3NMYnUTb B NPOCTPaHCTBE aMOeaaMHIOB.

To ecTb TeM caMbiM Mbl 3acTaBsieM 3HKOAEPbI U AeKOAEpPbI, KOTOpblE 34eCh NOA pasHble
A3bIKW1, YYUTBCS NPUBOOUTL TEKCTbI K OAMHAKOBOMY NpeacTaBneHuo BHYTpU. POBHO Takme
e Xaku MOXHO MPUMEHSITb W JOAM MbITanUcb MPUMEHSITb K CTUIEBOMY TpaHcdepy.
LLTyka pabGoTaeT 4O KakON-TO CTEMEHN, HO OYEBUOHO XYXe, YeM 00y4eHne napannenbHbIX
KOPMYCOB.
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UNMT-like

Domain D
LM Prior \ Transduction Model
o lE) P |20%;8,1.)
Transduction Modcl T
P 0,5) T @ “ v @ o, @)

Domain D;

Figure 1: Proposed graphical model for style transfer via bitext completion. Shaded circles denote
the observed variables and unshaded circles denote the latents. The generator is parameterized as an
encoder-decoder architecture and the prior on the latent variable is a pretrained language model.

Shared transduction parameters

Domain Dy

Domain Dy Shared transduction pararmeters

Figure 2: Depiction of amortized variational approximation. Distributions q(g|z) and g(Z|y) represent
inference networks that approximate the model's true posterior. Critically, parameters are shared
between the generative model and inference networks to tie the learning problems for both domains.

W unmT W ours
225 2 .
Table 3: Examples for author imitation task
; ﬁ
- e
Methods
Sentiment Author Imitation Formality )Eu-l\‘::nw
BLEU UNMT Nt ther
Ours Notto his father's house
10 UNMT W ours Source  Scnd thy man away
75 87.2 | 87. Reference  Send your man away .
80.2 78.1 UNMT  Send an excellent word
50 Ours Send your man sway
25 Source ‘Why should you fall into so deep an O 7
i Reference  Why should you fall into so deep o moan ?
UNMT  Why should you carry so niccly , but have your legs ?
Beotiment AR mutacion Fomany Ours Why should you fall into so decpa sin ?
Classification Accuracy
[arXiv:2002.03912]

Bonee ceexasn paboTa Ha 3Ty Xe Temy.
KayeCTBEHHO W aKKypaTHO CTaBAT 3afiayy C TOYKWU 3pEeHUs
nonyyarT, ecnu BepuUTb 13 3amepam, pesynbtaTtbl 6onee apdekTnBHbIe, YHeM OObIYHbLIN

NMT.

3710 Takom BNOK NoAXoa0B, CBA3AHHbIX C

Z-space search

Mo cytn, nogn genatoT TO Xe camoe, Ho bonee
(01:11:12) BbIMUCIIEHUS,

MOMbITKOM B 106 Y4MTLCS HA Takmx Kopnycax.

0.0 children are looking for the water to be clear.
0.1  children are looking for the water.
0.2 children are looking at the water.
0.3 the children are looking at a large group of people.
Represanitation lsaming 0.4 the children are watching a group of people.
Encoder Decoder W » 0.5 the people are watching a group of ducks.
Manipulation 0.6 the people are playing soceer in the field.
xﬂ h Z -h . X 4 0.7 there are people playing a sport
i - 0.8 there are people playing a soccer game.
" < % ] 0.9  there are two people playing soccer.
Prerr Wi WD/ W HGP'L! 1.0 there are two people playing soccer.
Sentence Space Latent Space

Figure 1: Ilustration of OPTIMUS architecture.

Table 3: Interpolating latent space. Each row shows 7,
and the generated sentence (in blue) conditioned on z.-.

Source x 4
a girl makes a silly face

Tp~RITpB—

xa+xC :
ww suewur players are playing soccer

Input x¢

e a girl poses for a picture

e a girl in a blue shirt is taking pictures of a microscope
e a woman with a red scarf looks at the stars

® a boy is taking a bath

e a little boy is eating a bowl of soup

Output zp

® two soccer players are at a soccer game.

e two football players in blue uniforms are at a field hockey game
e two men in white uniforms are field hockey players

o two baseball players are at the baseball diamond

e two men are in baseball practice

Table 2: Sentence transfer via arithmetic operation in the latent space. The output sentences are in blue.

EcTb MHOXeECTBO NoaxoaoB, KOTopble S
NpuGnNManTensLHO creayowmnm oGpasom

[arXiv:2004.04092]

YCINOBHO HasblBato Z-space search. YCTPOEHbI OHU
: Mbl GEPEM HEKOTOPLIN TEKCT, ambeaamm ero. A

29



HaMoOMHIO, Y Hac ecTb Npobnema, 4YTo y OTAEeNbHbIX TOKEHOB HET cTunsA. Hy, 4To X aenartsb.
Mbl MOXeM 3aambeaauTb TEKCT LIEMMKOM U MOCMOTPETb, €CTb NN y 3TOro ambegamHra
npu3Hakn ctunda. onycTuM, OHU eCTb, U Torga Mbl MOXEM C HUMM MOMbITAaTbCH YTO-TO
caenatb. Hanpumep, Mbl MOXeM MoucKaTb B NPOCTpaHCTBE aMbeaanHIoB LPYrON TEKCT,
KoTopbI Byaet 6nmako, HO UMETb APYron HYXXHbIN HaM Npu3Hak cTuns. Bot Takon noaxog,
€CNnu roBopuTb rMmobansbHo.

Ha npumepe Optimus. 3TO He COBCEM MNpPO CTUMb, HO Optimus ObIT nepBon
TpaHcOpMepPHON MOoAenblo, roga ABa Hasap, Bbllerl, KOTOpbIA peanu3oBbiBas B 1106 To,
4YTO HasbIiBaeTcs VAE, Variation after encoder. iaea B ToM, 4TO Kak pa3 Mbl 3akogupoBanu
TEeKCT, M 30eCb Nornka aHanornyHas TOW Jorvke apudmeTukun, kotopasa Obina 4acTo
ncnonb3yema Ons AeMoHcTpauun marmm Word2vec, Korda Mbl MO UHTEPNONMPOBaTh
Mexay crnosamu, MOMfX CTPOUTb aHarnormm mexay cnosamu. 34echb gernaeTcs npuMmepHo
TO e camMoe, TONbKO Ha YPOBHe npeanoxeHun. Ha camom fene ato xecTkum cherry-pick. A
C Optimus umen geno HanpsiMyro n paboTaeT 3TO BCE He Tak xopowlo. [1pocTpaHCTBo,
KOTOPOE Y HUX BblyYMBaAETCSH, MO KpaHEN Mepe TOW MOLENu, KOTOPYH OHU BbITOXWUIN,
O4YeHb oparMeHTUPOBAHHOE, TO eCTb TaKoM KpacnuBon Marnm nonyyaetca mano. Ho Tem He
MeHee cam noaxopd npo TO, YTO Mbl MOXEM BblyYMTb HEKOE MPOCTPAHCTBO amMbeaanHroB
HenpepbIBHOE UMM C KAaKUMWU-TO HY>KHbIMW HaM KayeCTBamW, MOHATEH, U B HEM MOTOM
MOX€eM UCKaTb.

Z-space search

Tense (present—spast)

Mono- i ask many people here .
lingual i asked many people here .

Cross- ik kijk naar een oude film van m * n moeder .
lingual ik bekeek een oude film van mijn moeder .

ObjNum (singular—pluraly

Mono- 1 could tell you some story .
lingnal i could tell you some stories

Cross-  we hebben een beter bondgenoot nodig . S
lingual  we hebben betere bondgenoten nodig . S

SubjNum (plural—singular) Figure 1: (a) Pretrained autoencoder (encoder ENC, decoder DEC). (b) linguistic property classifier C. (¢) Geomet-
Mono-  families agreed (o keep it quiet . ric transformation of the sentence representation to shift z according to A beyond the decision boundary of C, the
lingual  a family agreed to keep it quiet . shifted encoding 2 is then given as input to the decoder resulting in the sentence x” with the transferred property.

Cross- monsters gaan ons npeler\
lingual het monster gaat ons opeten .

Table 5: Linguistic property transfer examples of the
proposed system in both monolingual and cross-lingual
setlings

[arXiv:2104.03630]

BoT ectb gpyrass paboTta, OHa TOXe He MpO TEeKCTOBbIN TpaHcdep, a Gonble npo
NIMHIBUCTMKY, HO OHa MOKa3blBaeT, YTO B 3TOM MNPOCTPAHCTBE MOXHO WCMNOMb30BaTb
Kakon-TO [Opyrov 3HKoAep W Jdekogep, HO Toxe npepobyyvyeHHass Modenb, a OHU
NoKasblBalOT, YTO €CTb B 3TOM MNPOCTPAHCTBE MPU3HAKM W HanpasfneHus, KoTopble
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COOTBETCTBYIOT, Hanpumep, BpeMeHU B aHIMMNCKOM  43blKe, MHOXECTBEHHOCTU WUNnn
€ONHCTBEHHOCTIU obObekTa, U MOXHO MblTaTbCA BO34enCTBOBaTb Ha 3M6€,D,£I,I/IHFI/I Tak,
4TOOBI NOCNe JexkognpoBaHUd NOMeHATb YTO-TO B MICXOOHOM npeafoxXeHnn — BpemMA. Ecnu
cynTaTb BpemMm4d CTunem, 1o 3T1o BroJiHe cebe pa60Tarou.|,|/|l7| nogxona.

Z-space search

Encoder Classifier

" n Latent
Input > = 4-; 2|| Space Attribute Feed Forward
Text L] = RE !
Add&Nom
Decoder Multi-Head
Attention
Output Text > Ly § Output -
(Shi fied right) H g Text Embedding
= Y
ICIas:snﬁer P B R T
. I feel uncomfortable there , and the buffet is not worth its price. *
& i
» I feel uncomfortable there, but the buffet is worth its price. :
i ]
- I feel comfortable there , and the buffet is worth its price. '
5 I
? Ly [ feel vary comfortable there , and the buffet's price is also great; :
¥ .
/—’JE O R, it i

Figure 1: Model architecture.

Ho ecnu roBopuTb KOHKPETHO WMMEHHO MpO CTUMb, TO BOT NpUMeEpP, KOTOPbIn
AEeMOHCTpUpyeT elle 6onee NpoCcTon NOAX0A, @ UMEHHO Mbl SHKO4EPOM KOAMPYEM TEKCT B
HEKOTOPYH TOYKY B 3TOM MPOCTPAHCTBE. Y HAC eCTb knaccudukatop, o6yYeHHbI No 3Ton
TOYKe npeackasbiBaTb CTUNb. YTO Mbl MOXeM caenaTb, Tak 3TO, 3aMOpO3MB Beca
KnaccudukaTopa, NyCTUTb FPpaguveHT OT YBA3KM CTUNEN Ha 3HayYeHWe TOYKM B 3ITOM
NPOCTPaHCTBE, U, TaKMM 06pa3oM, y Hac ByaeT HEKOTOPbIN rPafgMEHTHbIA CNYCK, KOTOPbIN
9Ty TOYKY Z B 3TOM NPOCTPaAHCTBE CMECTUT B CTOPOHY Brnivbkanlien Touku, kotopast gact
HYXXHbIW HaM CTunb. 30eCb TOXe, ckopee Bcero, cherry-pick, HO 30ecb BWOHO, Kak
nocrniegoBartesibHoe CMelleHue, rpagueHTHbI CMYyCK MeHSeT npearoxeHue un ero... B
Tabnunyke BMAHO, KakK ero gekoguMpoBanu nocrefoBaTeribHO M Nofyyany nocTeneHHoe
N3MEHEHNE B HYXXHYIO CTOPOHY.

OTO BCE O4YeHb KpacuBO, HO 3TO OYEHb CMOXHO KOHTPONMpoBaTb. TO €CTb 34ecCb 3TO
cpabotano, a B opyrom MecTe Mormo He cpaboTaTbk. MpoaakiuH Ha 3TOM He caenaellb, HO
TEM He MeHee KaK Noaxo 3T0 A0CTaTo4YHO UHTepecHas paboTa.
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Z-space search

error surface of the predictor

Encoder |*= - - _ Decoder

“The burgers were
cooked very perfectly,
and the meat was
tasty and juicy, which
impressed me.”

“The burgers were over
cooked and the meat
was crunchy.”

3 -4

continuous latent space

Figure 1: There is an example of content-preserving text sentiment transfer, and we hope to further increase the length
of the target sentence compared with the original sentence. The original sentence x with negative sentiment is mapped to
continuous representation z via encoder. Then z is revised into z* by minimizing the error Lay.s, (05,351 = {sentiment =
positive}) + Layrs, (05,552 = {length = 20}) + ApowLpow (fhow; Thow = [burgers, meat]) with the sentiment predictor fi,
length predictor f5, and the content predictor fi,. Afterwards the target sentence =™ is generated by decoding z* with beam
search via decoder [best viewed in color].

Bor pgpyras pabota, o4yeHb noxoxas. 34ecb BBOAATCS Cpa3y  HECKOSbKO
knaccudgpukatopoB. OgMH — He CEeHTUMEHT NOo naTeHTHOMY ambenauHry, BTOPOW
Knaccuukatop — Ha npeackasaHne OnuHbl NPeanoXeHusl, TPeTUn — Ha bag of words, TO
ecTb OyayT N B AeKOOMPOBaHHOM MPeaSIOKEHUN KaKne-To HyXXHble Ham croBa. W 3atem
roBOpUTCA O TOM, 4YTO [JdaBaMTe Mbl MOMEHSEM CEHTUMEHT, YBENMYMM [LOJINHY W
obsa3aTtenbHO XOTMM  COXPaHUTb CcrnoBa «OByprepbl» U «MSCO», U MOCNE HEKOTOPOro
KonuyectBa uTepaumini Mbl MOXEM MOMEHATb npegnoxeHue. 34ecb BUAHO, YTO 3TU
KOCTbINN C COXpaHeHNeM CIoB BO3HUKIN HE NPOCTO Tak, a NOTOMY YTO, CKOpee BCero, ecru
Obl X He ObIno, TO ynnbi O6bl HAW CMbIN Kyaa-To ganeko. [Moatomy Ny Takue WTyKu
aenatoT. Ho noaxon HEMHOro nogkynaeT TeM, Y4TO OH Kak ByaTo M3SALWHbIN, HO OH CUITbHO
onupaeTcst Ha CBOMCTBA NPOCTPAHCTBA, KOTOPOE He Tak MPOCTO NOSTyYnTb.
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disentangled representations

(a) Training Phase Jiuics)  Hdis(e)
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gzﬂ product ¥.J .
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(b) Inference Phase [3]
R (b) VAE

o N

the CHE: i the

book |[SRUL &l ﬁ:—»szs book

is good [RNN| " e is boring
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<*

P Figure 2: -SNE plots of the disentangled style and content ) H#motiv

- y
s = spaces (with all auxiliary losses on the Yelp dataset).

Figure 1: Overview of our approach.

[arXiv:1808.04339] [arXiv:1808.09042]

Opyroe 6onblioe HanpaeneHue — disentangled representations. Toxke paboTta nponcxoguT ¢
BHYTPEHHMMW NpeacTaBneHns M1, TO eCTb C aMbeaauHrammn TekcTa, HO Uaest CoCTouT B
TOM, YTO Mbl BMECTO TOro, YToObl HaBUrMpOBaTb MO 3TOMY MPOCTPaHCTBY, Oyaem yuntb
SHKOOep AenaTtb TakMe ambeaauHry, y KOTOpbIX YacTb KOOpPAMHAT SiIBHbIM 0b6pasom
COOTBETCTBYET HYXXHOMY HaM CTWUNIO, a OcCTalnbHble KoopauHaTtbl OyoyT copepxaTb
MHGOPMAaLNIO O KOHTEHTe. Kak 3ToO MOXXHO caenaTb?

[Mpo 9TO HanNMCaHO MHOro cTaTen, HECKONbKO M3 HUX Hanucanu gaxe Mbl, HO naes
npumepHo Takad. Camas 6a3oBas maes, KOTOPY MOXHO NpeanosioknTb — Mbl Byaem
cyuTaTb, YTO Y Hac ecTb BEKTOp ambepavHra, U gaBanTe cyMTaTb, YTO Y HEro ecTb ABe
KOMMOHEHTblI — S U C. Mbl X0TuM, 4TOBbI S cogepxana Tonbko MHdopmaumo o ctune, C
cogepxana ToNbKO MHAOPMaUU O KOHTEHTe, 4To Obl 3TO HKM o3Havano. Kak coenatb,
4yTObbI S cogepxana nHgopmauuto o ctune? [asante gobasnm LOS ¢ knaccudumkaTtopom,
KOTOPbIA CMOTPUT TONbKO Ha S-KOOpAWHATLI U MblTaeTca onpegenuTb CTub. Yem nydywe
OH onpefensieT, TeM MoAenb Mbl Harpaxgaem. Yto Ham 310 gact? To, 4YToO B S NOSIBUTCS
MHpopmMaumsa o ctune. Ho gact nu ato Ham To, 4YTo B C He ByaeT nHdopmaumm o ctune?
HeT, He gacT, oHa MOXeT coxpaHuTbCs. [MoaTtomy gobaBum elle oamH KnaccudukaTop,
koTopbIn ByaeTt cmoTpeTb Ha C. Mbl Byaem wiTpadoBaTb Mogenb, ecnu KnaccudukaTopy
yaanocb MHopMaumo 0 cTune BocctaHoBUTb No C, n, HAoBOpOT, Aenaem To Xe camoe
3epKarnbHO NS KOHTEHTa.

BoT Mbl gob6aBunu 4yeTbipe AOMONMHUTENbHBLIX LOS, KOTOpblE MO3BOMST HEMHOXEYKO
yrnpaBnsiTb TeM, Kak Mogenb OyaeT XpaHuTb WMH(OpMaLMio B KOHTEHTHOM BEKTOpE.
CooTBeTCTBEHHO, Aanbllue paboTtaeT nn 310? [10 HEKOTOPOW cTeneHn paboTaeT, HO eCcTb
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KPUTUKA, CBA3aHHadA C TEM, YTO MOAESIb MOXET CrNpATAaTb Kakme-To COCTaBnALLNEe BHYTPU
BEKTOpa KOHTEHTAa, CKpbIBaTb VIHCbOpMaLI,VIlO O ctune.

disentangled representations

,—D_Ll ] /j' Jaa(€)

Jmu(€)
>
ke o " JreclX, X')
PECx D
_—

o \ Jmui(S)

Dz L] Jaa(S)

Figure 1: CrossAlign architecture Figure 2: VAE architecture

[arXiv:2004.11742]

Ectb Bcaknme noaxodbl, KOTOpble MO3BOMSKT 3TWM  LWTYKM HEMHOXEYKO OoTTyaa
BbITpaBnvBaTb Oonee HageXHbIM CNOCOBOM.

disentangled representations

generator G
—> output ‘T

encoder|

x
N
P

input > >

latent representation

C

P— Discriminators

Figure 3: The generative model, where style is a struc-
tured code targeting sentence attributes to control. Blue
dashed arrows denote the proposed independence con-
straint of latent representation and controlled attribute,
see (Hu et al., 2017a) for the details.

style

[arXiv:1703.00955, arXiv:1809.00794]

BoT oavH u3 noaxodoB, KOTOPbIA Mbl NPEANOXUNnU. JTO TO, YTO MOXHO caenatb
ambenavHr TekcTa, MoTOM ero AekoaupoBaTb B APYro CTUIb, a MOTOM CHOBa €ro
3aambenamnTb U TpeboBaTb, YTOObI KOHTEHTHAs COCTaBMsAOLWAs y 3TUX ABYX IMOEAANHIOB
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coBnagana. OTo Takou Kak Obl aBTO-9HKOAEP, TOMbLKO CO CABMIoM Ha nondasbl. U ata
lWUTYKa [OOBOMbHO CWIbHO penonapudyer Mogenbs W gobaBnser AOenCTBUTENbHO
YCTOMYMBOCTM, KaK 9TO Yy HAc nosnyymnocb. Ho aTo0 goctaTtovHO ApeBHAA paboTta, Mbl ee
aenanv Tpu roga Hasag.

disentangled representations

ARE ADVERSARIAL MODELS REALLY DOING DISENTANGLEMENT?

it ] Discriminator Acc (Train)  Post-fit Classifier Acc (Test)
0 89.45% 93.8%
0.001 85.04% 92.6%
0.01 75.47% 91.3%
0.03 61.16% 93.5%
0.1 57.63% 94.5%
1.0 52.75% 86.1%
10 51.89% 85.2%
fastText ] - 97.7%

[arXiv:1811.00552]

disentangled representations

Loos(, €) = cos (E(@(E(af),c)), E(m)) :
Lons—(, ¢) = cos (E(G(E(w).c‘-)),E(r)) NG

| H 1
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s discriminatior D, | E[ ¢z G i
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Figure 4: The generative model with dedicated discrim-
inator introduced to ensure that semantic part of the
latent representation does not have information on the

Figure 5: The generative model with a dedicated loss
added to control that semantic representation of the out-

style of the text. - put, when processed by the encoder, is close to the se-
[arXiv:1908.06809] mantic representation of the input.

Celyac yxe, KaxeTcsl, Tak He [enawT, HO cama Waes TOro, YTo Mbl XOTUM BblAENUTb
NoanNpPOCTPaHCTBO, KOTOPOE COOTBETCTBYET HY)XXHOMY CTUIIO, MPOCTa U NOHATHA.
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unsupervised style learning

Training Target i Inference Output
I really love it ; it works great
Decoder | Decoderw
e — e e
Style { EncodarJ T'-::!l:g T::‘?:s H Style Target Tuning Ranges
Extractor S P ) %eg”/ : Ax(A=B)+Inp Add  Delete
f PSS, o N N 10-50% 10-50%
catreallyit — | =
- 6 B8 &
i : ¥
: Corruption | 5 i ==
‘W ; Style A Style B it doesn't work
Agreat product. | really love it — Exemplars  Exemplars Input
Context Input &

Figure 1: TextSETTR architecture for label-free style transfer. The Encoder, Decoder and Style
Extractor (Ex) are transformer stacks initialized from pretrained T5. During training, the model
reconstructs a corrupted input, conditioned on a fixed-width “style vector” extracted from the pre-
ceding sentence. At inference time, a new style vector is formed via “targeted restyling”: adding
a directional delta to the extracted style of the input text. Stochastic tuning ranges provide extra
conditioning for the decoder, and enable fine-grained control of inference

[arXiv:2010.03802]

HasanTte nonpobyem ckasaTb eLle Npo napy NPUKOnbHbIX Modenen. Bot ogHa mopens,
KoTopas MHe noHpasunacb. OHa, no-moemy, npowsnorogHas. OHa ycTpoeHa crnegyoLwmm
o6pa3om: y Hac ecTb NpeasiokeHne B TEeKCTe M eCTb KOHTEKCT 3TOro MNpeanoXeHus.
[aBanTe Mbl 4OMYCTMM, YTO CTUNMb — 3TO LUTYKA, KOTOPas NoKanbHO HEMNPEPbLIBHA, TO €CTb Y
COCeHUX NPeasiIoXKeHUn C BbICOKOM BEPOSTHOCTLIO OAVMHAKOBbBIN CTUSb. Torga Mbl MOXEM
ckasaTtb, YTO Mbl Oyaem pelwaTb 3agadvy OEeHOM3MHra aBTO-9HKOAEpPA, TO eCTb Mbl 6epem
npeanoXeHne, NOPTUM €ro 1 BOCCTaHaBNMBaeM obpaTHO. A B Ka4ecTBe 4OMNONTHUTENTbHON
nHpopmaumm 6Oygem p[aBaTb KOHTEKCT 3TOM0 NpeasioKeHMss B BUMAE OOHOMO UMK
HEeCKONbKNMX COCedHUX npeanoxeHun. HenocpeacTBeHHO ANsi  BOCCTAHOBMNEHMUS
NPeanioKEHNs, KaXeTCsl, 9TO He QOMKHO HaM CUNbHO MOMOYb, NMOCKOSbKY, CKOpEee BCErO,
OHO CYLLECTBEHHO OTIINYAETCS, HO ECNN Mbl NOPTUM Kakne-HMbyab CTUNEeBbIE CNOBA, TO MO
KpanHen mepe 3TO NO3BONAET eMYy NPEANONIOXKUTb, KAKUMN OHU AOSMKHbI ObITb.
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4YTO content preservation YMeEHbLUAETCS,

unsupervised style learning

100 T 5570%
.540-60%
Model Acc. Content .. 30-50%
TextSETTR 733 347 - B0 e s
N 234 844 g ey
N+BT 133 987 g +shuIe % eplace o
—replace noise  66.1  42.1 T s0 L X
+shuffle noise 703 34.1 % ERe A%
manual exemplars 524 442 £ Delete&Retrieve manual )
—tunable inference 71.5 39.4 g 40 2 NGO - 00:20%
CP-G 60.1 354 E N+BT "0 10%
CP-B 400 397 § | A texsem e
CrossAligned  83.1 152 201 ¥ TextSETTR abiations .
Delete&Retrieve  50.9  16.1 bl g N+8T
odels trained with labels
B-GST 600 736 . : : , ,
0 20 40 60 80 100

Content Preservation (Self-BLEU)

Figure 2: Automatic evaluation metrics comparing our TextSETTR model, ablations, and previous
work. Up-and-right is better. We train for 10k steps and use add/delete:20-40% unless otherwise
specified. Scores for CrossAligned, Delete&Retrieve and B-GST are from Sudhakar et al. (2019).

Hanble y Hac ecTb ABe pydku. Mbl MOXeM yaansaTb Kakon-TO NPOLIEHT COB 1 J06aBNATb
npencrasutenen ctunsa. M okasbiBaeTcd, YTO 30eCb Bbifie3aeT Kak pas TOT cambli
Tpena-odpd, KOTOPLIN S pucoBan B Havarne. 34ecb NnepeBepHyTbie OCU, HO HEBAXHO, N OHU
NoKas3sbIBalOT, YTO yaaneHne bonbLlero Yncna croB Ha hase AeHOM3MHIa NPUBOANT K TOMY,
HO nNpW 9TOM CTuUNeBasi CocCTaBnsoLlas
ynyywaercs, n HaobopoT. [lonyyaeTcsa Takasa ynpaensemMas KOHCTPYKUus. OTO 4TO
KacaeTcs 4acTu npo ypaaneHve. A 4YTO KacaeTCcd 4acTu, CBSAI3aHHOW CO CTUNEBOW

NOACKa3KOoMW.

unsupervised style learning

100

Lample et al. 2019

©
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¢
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»

Model Accuracy Content
TextSETTR 83.6 39.4
add/del: 0-20% 63.4 76.9
add/del: 10-30% 723 60.2
add/del: 30-50% 89.7 21.5

Lample et al. 2019 82.6 54.8
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Content Preservation (Self-BLEU)

Figure 3: Comparison with Lample et al. (2019) on the evaluation setting that includes pos—pos
and neg—rneg transfers.

& Fashion Positive
O Foshion Negative
v Softwara Positive
¥ Softwar jative.
o

Figure 4: 2D UMAP embedding of the style vectors extracted by our TextSETTR model for text
inputs from Amazon reviews covering three product categories and two sentiment labels.
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Moyemy oHa HasbIiBaeTcA unsupervised style learning — NOTOMY 4TO MOXHO OAWH pa3 MOAENb
obyunTb, a Aanbwe And NPOW3BOSIbHOIO CTUMS MOACTaBMNATb MPUMEPbI U3 HYXHOMO
Kopryca, n OH BydeT B 9Ty CTOPOHY npeanoxeHus nepenucbiBatb. OHWM B3ANWN KakOW-TO
Habop M3 TakMxX YCIIOBHO OPTOroHanbHbIX CTUMEN, KaK positive/negative, YMHOXUIN €ro Ha
Fashion, Software M Pantry, W noKasblBalOT, 4YTO €ecnu nogaBaTb B CTWUIb MHOIO
COOTBETCTBYHOLLUMX NPEATIOXKEHNI, TO OH Bonee-MeHee XOpPOLLIO BOCCTaHABMMBAET.

unsupervised style learning

Reserved = Emotive Emotive = Reserved

I liked the movie. I loved every minute of the movie!

= I cannot even describe how amazing this movie was!! | = I liked the movie.

I was impressed with the results, I was shocked by the amazing results!

= I was absolutely blown away with the results!! = [ was surprised by the results.

American =- British British = American

The elevator in my apartment isn’t working. The lift in my flat isn’t working.

=> The lift in my ﬂ;ﬂiiérn;mdrking. => The elevator in my apartment isn’t working.

The senators will return to Washington next week. MPs will return to Westminster next week.

=> The MPs will return to Westminster next week. => Representatives will return to Washington next week.

Polite = Rude Rude =- Polite

Are you positive you've understood my point? What the hell is wrong with your attitude?

= you’ve never understood my point! = Perhaps the question is more about your attitude.

Ol v ik Bl g ity phinoeY I could care less, go find somebody else to flo this crap.

— I ask you to stop using my phone! = 1 could be wrong, but I would try to find somebody
else to do this.

BoT npuMepbl TEKCTOBOro TpaHcdpepa Mexay CTeneHbi 3MOLMOHANbHOCTK, British —
American. 3T0, 04eBUAHO, cherry-pick, HO TEM HE MeHee 04YeHb MUNeHbkne npumepsbl. Cama
noes Toxe OOBONBbHO KpacuBas. A He NpoboBan 3Ty MoAdenb pykamMu, HO MHE KaXXeTCsl, YTO
caM noaxon MOXeT OblTb UHTEPECHBIM.

38



augmented zero-shot learning

~
Zero-shot learning prompt =
Here is some text: {That is an ugly dress}. Here is Original There, in the middle of the street,
@l ® rewrite of the text, which is more positive: { stood an old man in a weatherbeaten
Few-shot learning prompt Proyntopat:
Here is some text: {I was really sad about the More The man’s brown trenchcoat was
loss}. Here is a rewrite of the text, which is more descriptive coated with snow, and as he leaned
positive: {I was able to accept and work through against the telephone booth, he cast
the loss to move on.} a long shadow across the road in the
Here is some text: {The eggnog was tasteless}. Here Tath A EESTREe S,
is a rewrite of the text, which is more pesitive:
{The eggnog had a great, festive taste to it.} Include a There, in the middle of the street,
- memphor stood an old man whose face
Here is some text: {That is an ugly dress}. Here is resembled the weatherworn bark of
by 2 rewrite of the text, which is more positive: a gnarled tree.
Altmented zero-shob bamint. promot (U Include the There, in the middle of Central Park,
Here is some text: {When the doctor asked Linda to word “park” stood an old man 1in a weatherbgaten
take the medicine, he smiled and gave her a brown coat .
lollipop}. Here is a rewrite of the text, which is - N
more scary: {When the doctor told Linda to take the Include the . Theney nsihe i ddbexgTinhe ISEreety
medicine, there had been a malicious gleam in her word “balloon” stoed an old man with several
eye that Linda didn't like at all} colourful balloons tied to the
Here is some text: {They asked loudly, over the straps of his coat.
sound of the train}. Here is a rewrite of the text, - =
which, 16 wire idtene’ (TS Jellsi gsresttinty, More comic Thers, in the middle of the strest,
over the clanging of the train} stood an old man in a raggedy brown
2 coat that was much too big for him.
Here is some text: {That is an ugly dress}. Here is More melodra- There, in the middle of the road,
¥ oty ot the: Ll ukich 1p Rl matic stood a grizzled old man, the light
@ [more melodramatic|[inciudes a metaphor | [include the word “balloen”] of life faded Erom his sunken eyes.
CIL

[arXiv:2109.03910]

Ewe oanH noaxoa — a1o B3ATb GPT-3, HanucaTtb er NpoMNT U1 ckasdaTb «[aBan Hanuwmn Ham
pepanT 3TOro TEeKCTa», U OKa3blBAETCS, YTO €CNM XOPOLLO NucaTb NPOMNT M AaBaTb eu
yKasaHusa Ha Kakve-TO OeNCTBUSA C TEKCTOM, TO B KaKUX-TO Cry4yasiXx OHa AeNCTBUTENbHO
Hennoxo pabotaet. OHM NOMepPUNK, Kak 3TO BCE paboTaeT, U rOBOPSAT, YTO Ky4a CrydaeB Y
HUX NOMy4YMnacb XOpPOLLO.

augmented zero-shot learning
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Figure 2: Human evaluation of style transfer for six
atypical styles. Our method is rated comparably to the
human-written ground truth. Error bars show Standard
Error of the Mean. Evaluation of fluency is shown in
Figure 4 in the Appendix.

[arXiv:2109.03910]

A ckenTnyeckn OTHOLWYCb K Takon black box mcnonb3oBaHus Gonblunx mopenen Tuna
GPT-3, NOTOMY 4YTO 3TO BECENO BbIMSAANUT, HO HE OYEHb NMPUONMXKAET HAac K NMOHUMAaHWIO
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npouncxopdLllero, ¢ OLHOWN CTOPOHbI, 1 HE AAaeT KOHTPOJ14 Ha4 NponcxXoaALLnM. To ecTb UTO
6yp,eT, Korga oHa owmbeTcs, 1 Kak Mbl 06 3TOM Y3HaeM, ToXXe HEMNMOHATHO.

TpeTbto YacTb NPO CTPYKTYpPY ceroaHsa Mbl He ycnenu. OHa BygeT B criegyroLwien YacTu.

thanks for attention!
@altsoph
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