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RuShiftEval-2021 shared task: LCSD for the Russian language

Andrey Kutuzov & Lidia Pivovarova. RuShiftEval: a shared task on semantic shift detection for Russian. 2021
dataset collection and annotation, and evaluation follows DURel:

Dominik Schlechtweg, Sabine Schulte im Walde, and Stefanie Eckmann. Diachronic usage relatedness (DURel): A
framework for the annotation of lexical semantic change. 2018

Input. 99 test words; 3 time periods.
Task: for each pair of periods, order test words according to their gold COMPARE scores.
Evaluation metric: Spearman’s rank correlation between predicted and gold word scores (word Spearman)

Corpora: Russian National Corpus (RNC): p12 p23 p13

T t d old COMPARE score

# Period Dates Volume arget wor g
Tauka

p1 | pre-Soviet | 1700-1916 | 0.9 GB (car | cart) 3.4 1.9 1.9
p2 Soviet 1918-1990 | 1.1 GB

?:egg:t‘;')‘ 3.9 3.9 3.8
p3 | post-Soviet | 1991-2016 | 1.1 GB g

1.0 — strong semantic shift
4.0 — no semantic shift



RuShiftEval-2021: dataset annotation

Pre-Soviet Tauka Post-Soviet
corpus (car/cart) corpus

Sampling Sampling cart TadyKa car

sentences sentences
[ 1.899 ]
sentence 1 sentence 2 ﬁ
Tauky oHM B35JIM y JIABOUHUKA, TbI Ha MalIMHE caenyi 3a Moei X
psnoM. (They took cart from the | Taukoii. (You in the car follow the COMPARE Score CalCU'la.tlon
shopkeeper, nearby) my car ) A (averaging over sentence pairs)
@ sentence 1 sentence 2 annot.
Tauky OoHHU B3sIH Y Tbl HA MaIIMHE CIIEeAYH 3a 1
. Human JIABOYHUKA, PSAIAOM. MOEH! TAaYKOM.
WiC Model : D > PAA
e <+ - annotation of
anhotation COMPARE pairs




RuShiftEval-2021: RuSemShift as a training/development set

Rodina Julia, Kutuzov Andrey. RuSemShift: a dataset of historical lexical semantic change in Russian. 2020
dataset collection and annotation, and evaluation follows DURel:

Dominik Schlechtweg, Sabine Schulte im Walde, and Stefanie Eckmann. Diachronic usage relatedness
(DURel): A framework for the annotation of lexical semantic change. 2018

Data: 2 pairs of time periods (p12, p23), 70 words for each (changed + random); max 60 pairs of sentences
sampled per word (min 9).
Annotations: 5 annotators per pair, 1-4 scale + “cannot decide”, crowdsourcing (different annotators for diff. pairs)

We made 50% / 50% lexical split: dev1 - 35 words from p12, dev2 - 35 words form p23, train - 70 words mixed

sent 1 sent 2 group anns Mean
OHa ocTaHOBMJIa MALIMHY HE COBCEM OMrebucTCcKas JerkoBasi MalIMHA KCUE3aeT 3a LATER 44444 4.0
JaHO, MOTOP 3arvIoX. YIJIOM, a 51 OCTal0Ch HA MOCTOBOH C OOJIBIIINM

IJIOXO CBA3AaHHBIM Y3JIOM B pYKax.

BorageabHs, WK UICITPAaBUTEIIBHBIN 10M, Hactpout Goramesien, eni¢ nepkoBb BHICTPOUT, COMPARE 34343 343
HOUJIC)KKA. 3aMOCTHUT M BBIPOBHSIET YJIUIIBI.
CadonoB nmogomén Kk MakCUMOBUYY | Muxawun IOpreBruy He 6€3pOAHBIN, HE HUIIUHI, OH LATER 2,1,144 2.4

MPOTSIHYJ €EMY PYKY: -- Bbl -- MoJiogen! B cllaBe U cOO0I MoJIoIell. 8



RuShiftEval-2021: official results

| Team RuSemShiftl RuSemShift2 RuSemShift3 Mean Type

1 | GlossReader 0.781 0.803 0.822 0.802 token o
E automate pairwise ann.,

2 | DeepMistake 0.798 0.773 0.803 0.791 token # XLM-R / ruBERT
3 | vanyatko 0.678 0.746 0.737 0.720 token
4 | aryzhova 0.469 0.450 0.453 0.457 token} au_tomate pairwise ann.,
5 | Discovery 0.455 0.410 0.494 0453 token s ©rig.- 'uBERT/ELMo
6 | UWB 0.362 0.354 0.533 0417 type fastText+ CCA + cos
7 | dschlechtweg 0.419 0.373 0.383 0392 type SGNS + regression
8 | jenskaiser 0.430 0.310 0.406 0.382 token SGNS, Temporal ref. / WI
9 SBX-HY 0.388 0.281 0.439 0.369 type Tempora| referencing

| Baseline 0.314 0.302 0.381 0.332  type
10 | svart 0.163 0.223 0.401 0.262  type
11 | BykovDmitrii 0.274 0.202 0.307 0.261 token
12 | fdzr 0.217 0.251 0.065 0.178  type

Table 1: Evaluation phase leaderboard (Spearman rank correlations). The Type column shows the type

of the used distributional embeddings.

Table from Andrey Kutuzov & Lidia Pivovarova. RuShiftEval: a shared task on semantic shift detection for Russian, 2021

9
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DeepMistake: eval. and post-eval. results

Link to code: https://github.com/Daniil153/RuShiftEval «— after polishing the code, the results improved a little bit further

Our post-evaluation *DeepMistake 0.863 0.854 0.834 0.85
improvements

DeepMistake 0.825 0.821 0.823 0.823

* This result is absent in the paper, it was achieved after the paper was published with
mean+dist_|1ndotn-hsO on MCL"®"3%cg —, RSSdev2-sentSpearce \Mean

Team RuSemShiftl RuSemShift2 RuSemShift3 Mean
1 | GlossReader 0.781 0.803 0.822 0.802
2 | DeepMistake 0.798 0.773 0.803 0.791
3 | vanyatko 0.678 0.746 0.737 0.720
4 | aryzhova 0.469 0.450 0.453 0.457
S | Discovery 0.455 0.410 0.494 0.453
6 | UWB 0.362 0.354 0.533 0.417
7 | dschlechtweg 0.419 0.373 0.383 0.392
8 | jenskaiser 0.430 0.310 0.406 0.382
9 | SBX-HY 0.388 0.281 0.439 0.369

Table from Andrey Kutuzov & Lidia Pivovarova. RuShiftEval: a shared task on semantic shift detection for Russian, 2021 11


https://github.com/Daniil153/RuShiftEval

WiC system: architecture

softmax + CE loss

2 components ? 1 component Target aggregation options
T : (x, y) [size: 2 * hs],

BatchNorm* + Linear / FFNN (1 hidden layer of size hs, tanh) dist_I: "x-y!l(1||[§i2(;_:1|i, &, V) [size: 2]
: n~Yn'"1s S%n> ¥n - £];

+ comb_dmn: (X =Y, X * Yp ) [size: 2 * hs],
Target Aggregation where n denotes normalized vectors
(distance-based, concatenation-based) I —y
/ \
Subword Pooling Subword Pooling
(first, mean or max) (first, mean or max)
A 4 A 4
XLM-R
S S | A A A A A A
_Tay Ka e _ ThiKBaMM </s> _KpyTtble | | _Hemeukue _Tay KK
(acart  with pumpkins) (cool german cars)
12

* Batch Normalization was used only in the post-competition experiments.



Masked Language Models

MLM objective: the was

T T

In  [MASK] middle of the night | [MASK] walking in my street

MLM is proposed in:
Devlin et al. BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. NAACL 2019

Similar ideas of pre-training a neural network to guess a word by its left & right context:
e word2vec CBOW: sum embeddings of k previous and k next words, predict the center word

with a linear classifier
Mikolov et al. Efficient Estimation of Word Representations in Vector Space, 2013

e context2vec: encode left & right context separately with LSTMs, combine with a MLP, predict

the center word with a linear classifier
Melamud et al. context2vec: Learning Generic Context Embedding with Bidirectional LSTM, 2016

e pre-training for WSI: retrieve examples of an ambiguous word, replace it with
CENTERWORD, use Transformer-based encoder-decoder (MT) architecture to restore it:

They were standing on the CENTERWORD of the Volga river — bank

Struyanskiy & Arefyev. Neural Networks with Attention for Word Sense Induction // AIST’2018 (July 2018, the first draft of the BERT
paper appeared in October 2018) 13



A real example from the IMDB Movie Reviews dataset

This is a really well made movie . Sum it ra B have has always made sensible cinema and
this is my favourite film by her . This movie should have won the National Award and would
have been my pick to represent India at the Oscars . It is at least a thousand times better
than ' Sh a aws ', which is going to the Oscars , from India , this year .< br/>< br /> It is such
a pity that the information about this ( and all other Indian movies ) on IM Db is lacking and
sometimes even wrong . Sad ash iv Am rap ur kar played a very important character in this
movie and he is not even credited on these pages .

XLM-R MLM pre-training:

1) textis split into tokens (subwords);

2) 15% of positions are sampled from the Uniform distribution as target positions,
model is asked to guess tokens on these positions (cross-entropy loss is calculated on
these positions only);

3) 80% of tokens on target positions are replaced with [MASK], 10% are replaced with
random tokens, 10% are left untouched.



XLM-R Masked Language Model

From BERT to XLM-R:

e BERT (16 GB, en, Wikipedia + BookCorpus)
e ROBERTa (160 GB, en, Wikipedia + BookCorpus + others)

o  more data, longer training;

o  small technical tricks (dynamic masking, no NSP pretrain, byte-level BPE)

e XLM-R[oBERTa] (2.5 TB, 100 languages, Wikipedia + CommonCrawl)

o  pre-trained on 500 V100 GPUs for ~1 week

XLM-R: 1) good initial weights for text encoders in any of 100 languages for almost any NLP task

2) zero-shot cross-lingual transfer ability

(Y
)
W

[y
S
[3S}

—
<
S

MBERT is trained only on

Wikipedias

Dataset size (in GB)
=)

(S
=

= s () HE O ORT.O G = O — M e b
EERSE425 882 EE g 2RTEIRL=T

Russian is 2nd largest! S |

Figure from Alexis Conneau et al. Unsupervised Cross-lingual Representation Learning at Scale, 2020.

B CommonCrawl B Wikipedia




XLM-R Masked Language Model
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WiC system: training / development data

Dataset

Training ex.

dev1 (p12) / dev2 (p23)

MCL-WiC (binary)

10.9Kk (incl. 8k/718/718/718/718 en/ru/zh/ar/fr)

MCL-WiC en-en

8k

MCL-WiC ru-ru

1.7k (incl. test set)

RuSemShift (1-4 scores)

3.9k COMPARE+EARLIER+LATER pairs for 70 words, p12+p23 | ~600*2 COMPARE pairs for ~35*2 words

Dataset Sentence #1 Sentence #2 Target
. On ne peut donc examiner les questions de développement... En réponse aux questions posées sur les visites...
MCL-WiC , . , - F
(So we can't look at development issues...) (In response to questions asked about the visits ...)
MCL-WiC . . .
en-en He declared that the deaths ... would not be in vain... There she declared that she considered the new proposal... T
MCL-WiC Hap Kopcakom HaBucaeTt yrposa apecTa... Hapg 3anom HaBucaeT ruraHTCK1i Kynor... E
ru-ru (The threat of arrest hangs over Korsak...) (A giant dome hangs over the hall...)
. ...He Ha Ty opbuTy 3abpancs. [Masa BbIKaTbIBANMCb U3 OPOUT.
RuSemShift (...climbed on the wrong orbit) (Eyes rolled out of their orbits.) 1.0




WiC system: fine-tuning schemes

Train#1 Loss#1 Train#2 Loss#2 MSE+:
e for real-value — MSE

MCL-WiC CE - e for binary targets:

MCL-WIC | g

en-en 16 1 y_true
MCL-WiC i —— False (1)
LW CE - L4 True (4)
RuSemShift | MSE - 127
10 -
MCL-WiC CE MCL-WiC ru-ru CE 3
L
8 .
MCL-WiC CE RuSemShift | MSE or CE 2
6 .
RuSemShift +
MCL-WiC CE MSE+ or CE i
! MCL-WIC ru-ru or 4
2 -
Table: ft. schemes
O .
Optimizer: AdamwW =1 0 1 2 3 4 5
Learning rate: 7e-05 y_pred
b:/nga;tv;armUP:Oi% Figure: MSE+ for binary targets
eight decay: 0.
Early stopping:

e MCL-WiC — en-acc (English dev set) or nen-acc (other languages in dev set)
e RuSemShift — wordSpear or sentSpear (Spearman correlation between gold and predicted scores for all instances)

18



LSCD solution based on WiC

[ Pre-Soviet ][ Tauka ][ Post-Soviet }
corpus (car/cart) corpus Mean. IsoReg _
LinReg.
@ @ Q @ s me: i it t Iz Linear Regression on
Retrieve examples from the diachronic corpus. SRS S e the mean and quartiles
Lemmatization(https://github.com/Koziev/rulemma) @ of the scores for pairs.

J

Filter examples: remove k% of the shortest and the Mean

longest examples, remove examples where the target
word is the first or the last one

6000
800

600

Sample pairs of examples of type COMPARE 4000

-
5
3000 3 400

-——-
@ 2000
1000 % l I I
‘ Scores for sentence pairs: the WiC model 0 . AN l N

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 09 1.0 10 1.3 16 1.9 2.2 25 2.8 3.1 34 3.7 4.0

@ prediction annotation

Predicted score:
Scores for words: Mean, IsoReg, LinReg E:>[ }

3.388 19




test = pl2

Results for sampling and sentence filtering .

The best result then we deleted 40% of the shortest
and 40% of the longest sentences

wordSpear
(]
[e0]
o

- . I I
0.76

c
g 0.80 remove type IsoReg LinReg Mean LinReg_s
o —— No removal method
0] .
‘%0 29 —— Only short Figure 2
g . Only long test = p12
= —— Both sides e e _
o iC on gold sentence pairs
2 0.78 method R e
o —e— Mean
w0 ‘ —
g -+ LinReg S 0.75
0 L A e e S = |soReg =3
0O 10 20 30 40 50 60 °
% removed each side g

Figure 1

10 20 40
n sampled pairs

Figure 3

80

If we sample less than 40 pairs, then the quality of the
model is poor and standard deviation(error bars) is high



Evaluation and post-evaluation results (100 sampled sent. pairs per word & periods)

-6.7pt. if 2nd ft.
step removed

Method/Team

| Avg | p12 | p23 | p13

Best results of other teams

GlossReader (1st best result) 0.802 | 0.781 | 0.803 | 0.822
vanyatko (3rd best result) 0.720 | 0.678 | 0.746 | 0.737
Our submissions: team DeepMistake (2nd best result)
first+concat on MCLE, 2°¢ —RSSSs o *"*°P“" (M1), LinReg 0.791 | 0.798 | 0.773 | 0.803
M1, Mean 0.789 | 0.794 | 0.773 | 0.799
M1, IsoReg 0.789 | 0.793 | 0.775 | 0.798
pl12, p13: M2; p23: first+concat on MCLZ 7~ ““¢ —>RSS+mMCL‘é€§1_Sg"ts”e“", IsoReg | 0.785 | 0.773 | 0.802 | 0.780
mean-+dist_IIndotn-hs300 on MCLZ ' ““ — RSS+ruMCL§‘jglE_Jf entSpear (3p12), Mean | 0.780 | 0.773 | 0.786 | 0.780
LinReg on M1 + M2 + M3 0.780 | 0.756 | 0.772 | 0.811

pl2, p13: mean+dist_I1 on MCLZE~9¢¢ 5 RSSeV2-smtSPear (p13) Mean

p23: first+concat on MCLZZ ~““¢ —)RSS+ruMCL‘é.e§2_“"tS" €T Mean 0.779 | 0.749 | 0.801 | 0.788
p12, p13: M2; p23: max+concat on MCLZZ ~ ARSSiigﬁse"ts”mr, Mean 0.778 | 0.779 | 0.775 | 0.779
pl2, p13: M3, LinReg*

p23: mean+comb_dmn on MCL{, ““° —RSS5 % *“"*5P°*" LinReg 0.757 | 0.750 | 0.732 | 0.788

Our best models with ablation analysis (* models not from paper)

*mean-+dist_l1ndotn-hsO on MCL;5 ~“ —sRSS& " *“"*P°*" Mean 0.843 | 0.846 | 0.848 | 0.836
mean-+dist_lIndotn-hsO on MCLZ; ~““¢ —>RSS§‘;§ZE_SEMS”“”, Mean 0.823 | 0.825 | 0.821 | 0.823
*mean+dist_l1ndotn-hs0 on MCLZ %~ —>RSS+ruMCL‘é€§2_SmtSP €T Mean 0.822 | 0.809 | 0.833 | 0.825
mean+dist_IIndotn-hsO on MCLZ 2 —““¢ —>RSS+ruMCLifjf§2E"fe"tSpe“T, Mean 0.803 | 0.800 | 0.798 | 0.811
mean-+dist_lIndotn-hsO on MCLZ . ~“““, Mean 0.776 | 0.777 | 0.778 | 0.772
mean-+concat on MCL o ~““° —RSS 4525 1574 Mean 0.768 | 0.760 | 0.759 | 0.784
mean-+concat on MCLY %~ —RSS+ruMCLj o7 <" %", Mean 0.791 | 0.790 | 0.786 | 0.797

+2pt. from
MSE->CE loss
Dat the 2nd step

+5.5pt. from a
change in WiC
arch. (target
aggregation)
21



Experiments: Target aggregation (gold sent. pairs)

dataset = dev_avg | metric = wordSpear dataset = dev_avg | metric = sentSpear

MCL-WiC

MCL-WiC->RuSemShift

train->finetune

0.4 0.5 0.6 0.7 0.8 0.40 045 050 0.55 0.60 0.65

dataset = test_avg | metric = wordSpear dataset = test_avg | metric = sentSpear ™=

MCL-WiC

MCL-WiC->RuSemShift

train->finetune

0.55

=]
IS
<)
0
o
o
o
N
o
o
o
S
o
et
o
o

0.45

o
n
o

0.65

target_emb
dist_I1ndotn-hs=300
dist_I1ndotn-hs=0
dist_I1-hs=300
dist_I11-hs=0
concat
comb_dmn
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Experiments: Target aggregation (gold sent. pairs)

dataset = dev_avg | metric = wordSpear dataset = dev_avg | metric = sentSpear

E——— S
e I
v o~ | o
MCL-WiC
= — S
2 — [E—
o | [—
<
Y
A | S —
= 1 —————— always best!
T : . |
LW C-> RS e S it _—
e e
T T —
dist_I1ndotn-hs=300
0.4 0.5 0.6 0.7 0.8 0.40 045 050 0.55 0.60 0.65 dist_I1ndotn-hs=0
dataset = test_avg | metric = wordSpear dataset = test_avg | metric = sentSpear ™= dist_I1-hs=300
mmm dist_|11-hs=0
e — I
EEmsmeeeeeeeesy T ] S Concat
o~ [
o MCTRIE | = comb_dmn
2 E—— [
3 S )
<
L
A S |
= = e
: - /[ —)
LW RUS e S it eee——
) [———
| I ——
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Experiments: Target aggregation (gold sent. pairs)

dataset = dev_avg | metric = wordSpear dataset = dev_avg | metric = sentSpear

11 is very unstable

MCL-WiC->RuSemShift

train->finetune

the best wordSpear 0.4 0.5 0.6 0.7 0.8 040 0.45 050 055 060 0.65
is achieved with

linear clf. head dataset = test_avg | metric = wordSpear dataset = test_avg | metric = sentSpear ™=
==
| O
O e =
< MCL-WiC e -
B [ —
@ I
=
Y
A [——————————]
£ e —
; : I
£ McL-wic->Rusemshift - - [,
e —— —
| —

et
o
o

0.65

o
»
o

0.45

o
n
o

0.4 0.5 0.6 0.7 0.8 0.55

always best!

dist_I1ndotn-hs=300
dist_I1ndotn-hs=0
dist_I1-hs=300
dist_I11-hs=0
concat

comb_dmn
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Experiments: Ft. schemes for /[/ndotn-hs=0 target aggregation (gold sent. pairs)

dataset = dev_avg | metric = wordSpear dataset = dev_avg | metric = sentSpear

MCL-WiC->rusemshift(CE)
MCL-WiC->rusemshift(MSE)

MCL-WiC->rusemshift-ruMCL-WiC(CE)

MCL-WiC->rusemshift-ruMCL-WiC(MSE +)

MCL-WiC->MCL-WiC_ru-ru(CE)

train->finetune

MCL-WiC(CE)

MCL-WiIC_train-en-en(CE)

MCL-WiC_ru-ru(CE)

0.

v

5 060 065 070 0.75 080 0.85 0.56 0.58 0.60 0.62 0.64 0.66

dataset = test_avg | metric = wordSpear dataset = test_avg | metric = sentSpear

MCL-WiC->rusemshift(CE)
MCL-WiC->rusemshift(MSE)
MCL-WiC->rusemshift-ruMCL-WiC(CE)
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Experiments: Ft. schemes for /[/ndotn-hs=0 target aggregation (gold sent. pairs)

2'Step ft Wlth RSS on the 2nd Step dataset = dev_avg | metric = wordSpear dataset = dev_avg | metric = sentSpear

consistntly hels: wncsrsesece [ )

approx. +5pt. wordSpear / + 3-6pt.

;%
£
MCL-WiIC_train-en-en(CE)
MCL-WiC_ru-ru(CE) -
0.55 0.60 065 070 075 0.80 0.85 0.56 0.58 0.60 0.62 0.64 0.66
dataset = test_avg | metric = wordSpear dataset = test_avg | metric = sentSpear
MCL-WiC->rusemshift(MSE)
[}
c
2
[
(=
=
A
. ]
©
b=

MCL-WiC(CE)
MCL-WiC_train-en-en(CE)

MCL-WIiC_ru-ru(CE)

MCL-WiC->ru semshift-ruMCL-WiC(CE)
MeLWE = L sy [

0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.56 0.58 0.60 0.62 0.64 0.66
value value



Experiments: Ft. schemes for /[/ndotn-hs=0 target aggregation (gold sent. pairs)

dataset = dev_avg | metric = wordSpear

MCL-WiC->rusemshift(CE)

MCL-WiC->rusemshift(MSE)

MCL-WiC->rusemshift-ruMCL-WiC(CE)

MCL-WiC->rusemshift-ruMCL-WiC(MSE +)

MCL-WiC->MCL-WiC_ru-ru(CE)

train->finetune

MCL-WiC(CE)

But even 1-step ft. on English part of  mcL-wic|train-en-entce)
MCL-WiC only gives ~0.8 test wordSpear
(cmp. 0.802 of the winner)!

MCL-WiC_ru-ru(CE)

0.

v

Zero-shot cross-lingual transfer
works for LSCD! MCL-WiC- brusemshift(CE)

MCL-WiC->rusemshift(MSE)

MCL-WiC->rusemshift-ruMCL-WiC(CE)

MCL-WiC->rusemshift-ruMCL-WiC(MSE+)

MCL-WiC->MCL-WiC_ru-ru(CE)

train->finetune

MCL-WiC(CE)

MCL-WiC_train-en-en(CE)

MCL-WIiC_ru-ru(CE)

|

0.

v

5 0.60 0.65 0.70 0.75 0.80
value

5 060 065 070 0.75 0.80

dataset = test_avg | metric = wordSpear

dataset = dev_avg | metric = sentSpear

0.85 0.56 0.58 0.60 0.62 0.64 0.66

dataset = test_avg | metric = sentSpear
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Experiments: Ft. schemes for /[/ndotn-hs=0 target aggregation (gold sent. pairs)

dataset = dev_avg | metric = wordSpear dataset = dev_avg | metric = sentSpear

MCL-WiC->rusemshift(MSE)

J

CE loss is the best
loss on the 2nd step

: _D (despite binarization),
=

=

A

< MCL-WiC->MCL-WiC_ru-ru(CE) _ I no need for MSE+
£

MCL-WiC_ru-ru(CE) -
0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.56 0.58 0.60 0.62 0.64 0.66
dataset = test_avg | metric = wordSpear dataset = test_avg | metric = sentSpear
5
£
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Experiments: Ft. schemes for /[/ndotn-hs=0 target aggregation (gold sent. pairs)

dataset = dev_avg | metric = wordSpear dataset = dev_avg | metric = sentSpear
;75(
£
vasmcracescs) [ [ adding Russian part of
MCL-WiC_ru-ru(CE) - MCL-WiC to RSS on
055 060 065 070 075 080 085 056 o058 o060 o062 o6 oe6 the 2nd step 1s useless
dataset = test_avg | metric = wordSpear dataset = test_avg | metric = sentSpear and replacing RSS
with it hurts
s
£
0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.56 0.58 0.60 0.62 0.64 0.66

value value



Plan:

1.

2.
3.

RuShiftEval-2021 shared task on Lexical Semantic Change
Detection (LSCD) for the Russian language

DeepMistake solution « 2nd best, outperformed the winner in the post-eval
XLM-R fine-tuned for the WIC task

GlossReader solution - the winning solution
XLM-R fine-tuned for the gloss-based WSD task

(briefly) Results in LSCDiscovery-2022 shared task on Lexical
Semantic Change Detection (LSCD) for the Spanish language



GlossReader: gloss-based WSD fine-tuning

BEM (bi-encoder model): a simple and SOTA (for 2020) gloss-based WSD system:

Blevins and Zettlemoyer. Moving Down the Long Tail of Word Sense Disambiguation with Gloss Informed Bi-encoders, 2020

p
the original BEM used English BERT, we
replaced it with multilingual XLM-R rs, 8 m
.g a ruTSZ
e
2 rursd
7

< Context Encoder (XLM-R) > < Gloss Encoder (XLM-R) >

[ <s> ][ Linux ][machine] [ <s> ][ A ][computer]
[ <s> J [ A J [ vehicle J @
[ <s> ] [ A ] [ person ] [Z]




GlossReader: gloss-based WSD fine-tuning

Fine-tune on English WSD data (SemCor dataset: 226K
examples, 33K senses) for 3 days on 2 V100 GPUs.

Tw,

Context Encoder (XLM-R) >

] [ Diesel ] [machine]

Use Context Encoder to (independently) encode
occurrences of an ambiguous word. <
Context Encoder (XLM-R)
[

1) calculate distances for 100 random pairs
2) word score - the negated mean of distances for pairs

=
> [

<s> ][ Linux ][machine]

anmd joQg

3 N (=

R NG

g R
:

< Context Encoder (XLM-R) > Glassencoder (XLM-R) >

)
[ <s> ] [ A ] [ vehicle ] [z] 2
(o)

[ <s> ][ Linux ][machme [ <s> ][ A J[computer]
[ <s> ][ A ][person]




GlossReader: gloss-based WSD fine-tuning

model = XLM-Roberta base model = XLM-Roberta large

80- -

70-
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F 50- s MLM

s GLM

40-

30
Y A\ \\ < e
& o O (,\\<5?:‘> w0
‘(\3(\ X2 0‘«\ eV ea“
o o o"\\é
«\3 \\'06'
«°
Distance Distance
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GlossReader: gloss-based WSD fine-tuning

model = XLM-Roberta base model = XLM-Roberta large
80- -
+40 pt. from fine-tuning on

70- English (!) WSD data
()
5 60-
&
g
= 50- s MLM

e GLM

40-

30
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& o o 302 o o & 2o il o o
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GlossReader: gloss-based WSD fine-tuning

model = XLM-Roberta base model = XLM-Roberta large
80- — o o e e o e e e e e e e e e e o o D m em e e e e e e e e e en e e mn e o =

+40 pt. from fine-tuning on
English (!) WSD data

70-

Test score
N
[}
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" mm GLM
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o
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30
\\Y o\ N N o\ ) < e
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Distance Distance

~0.45: non-finetuned ruBERT/ELMo (ranks 4-5)
0.37-0.42: type-based systems (ranks 6-9)
0.79: DeepMistake’s best submission 35



GlossReader: gloss-based WSD fine-tuning

Test score

70-

o))
o
'

wu
o
'

40-

30

model = XLM-Roberta base model = XLM-Roberta large

Distance Distance

s MLM
N GLM

manhattan distance between L1-normalized embeddings consistently outperforms others (for base &
large, fine-tuned and non-funetuned)
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GlossReader: gloss-based WSD fine-tuning

Test score

model = XLM-Roberta base model = XLM-Roberta large
80- -

70- =

40-

wn o))
o o
' '
' ' 1

30

\\Y A\ N N N A\ ) O
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Distance Distance

when non-finetuned, XLM-R base outperforms large! (the larger model - the stronger grammatical bias?)
when fine-tuned, large outperforms base, as usual

s MLM
N GLM

37



GlossReader: regression

To benefit from RuSemShift training data: train a regression model on vectors of 14

distances: (L1, L1+norm, L2, L2+norm, Dot product, Dot product+L1-norm, Cosine) X (base, large)

Regresswn model

Tw, Tw,
< Context Encoder (XLM-R) > < Context Encoder (XLM-R) >
[ <s> [ Linux ] [machine] [ <s> Diesel ] [machine]
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GlossReader: regression

ID | Model Pl P2 P3 Aver.
GLM, zero-shot cross-lingual transfer to Russian
1 | Manhattan+norm GLM xlmr.large 741 | 779 | 79.8 | 77.3
GLM + regression to human scores trained on RuSemShift
2 | Linear regression on GLM xlmr.large distances 77.0 | 80.1 | 81.8 | 79.6
3 | Linear regression on GLM xlmr.large+base distances 78.1 | 80.3 | 82.2 | 80.2
4 | Knn regression on GLM xlmr.large+base distances 71.8 | 76.2 | 80.9 | 76.3
5 | Random.forest regr. (1K est.) on GLM xlmr.large+base dist. | 75.2 | 78.7 | 81.6 | 78.5
6 | Random.forest regr. (2K est.) on GLM xlmr.large+base dist. | 75.0 | 78.7 | 81.7 | 78.5
7 | Random.forest regr. (5K est.) on GLM xlmr.large+base dist. | 75.8 | 78.4 | 81.3 | 78.5
The top3 best results of other teams
- DeepMistake 79.8 | 77.3 | 80.3 | 79.1
- vanyatko 67.8 | 74.6 | 73.7 | 72.0
- aryzhova 46.9 | 45.0 | 45.3 | 45.7

Linear regression outperforms other regressions and gives +3pt. (the winning solution)
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GlossReader: interpretation - preliminary experiment

Maybe use glosses for interpretation of LSCD decisions?

1) for each occurrence of the target word (in Russian), among all ~120K glosses from
WordNet (in English) take 3 top ranking glosses «— P(gloss | w, ctx) from BEM w. XLM-R
2) for each gloss, plot the proportion of examples obtaining that gloss from each time period

G N

1. A computer
— BbluncnutensHas mawmHa t>2. An electronic device
3. A calculator

1. A computer
mawmHa | ——<—= | MawwHa ¢ JIuHykcom i>2_ An electronic device
3. A calculator

1. Acar
“—— | [MpunapkoBan mawunHy i>2 An automobile

3. A motor vehicle

2 e




GlossReader: glosses for the word ‘kKnaccHbI’

The chronology of senses for the word ‘knaccHbln’ from
Daniehl’ M. A., Dobrushina N. R. Dva veka v dvadtsati slovakh [Two

centuries in twenty words] (the translation of glosses is ours)

(home_room.n.01) a classroom in which all students in a particular
grade (or in a division of a grade) meet at certain times under the
supervision of a teacher who takes attendance and does other
administrative business

(principal.n.02) the educator who has executive authority for a
school

(tutelage.n.01) teaching pupils individually (usually by a tutor
hired privately)

(classroom.n.01) a room in a school where lessons take place

(class.n.02) a body of students who are taught together

(superior.a.01) of high or superior quality or performance

(admirable.s.01) deserving of the highest esteem or admiration

(rich.s.03) of great worth or quality

(good.a.01) having desirable or positive qualities especially those
suitable for a thing specified

(homework.n.01) preparatory school work done outside school
(especially at home)

|Tme period of usa

XPpoHONOrNs 3HaYEeHUM CI0BA KIACCHBILL
|Meanin and exam, l;| i

3HavyeHue M IpuMep

Ilepnop Mcnonb3oBaHusA

‘VImMerommit OTHOLIEHME

K ITKOTbHOMY 00ydeHuio’
[ |ﬁﬁ£$hm ]

Anewia 6036pamuscs 6 00M u 6ecb 6eyep
npocuden 00uH 8 KIACCHHIX KOMHAMAX...
[Anmonuii ITozopenvckuti. YepHas Kypuia
(1829)]

1820-e rr.

‘MmeloEui'i K1acc iia:’.pxn)’

Bopyz 8xo0um uesnosex 8 uzodparHom gop-
MEHHOM cepmyHuuiKe, — Kmo 2080pus, 4mo
31M0 XOPYHICULE, OMCMABNEHHbLIL MPU pa3a
3a NbAHCMB0 U 6YTHCMB0; KMO 2080PUT,
41mo 3mo HeGONbUIOLE KIACCHBIE YUHOBHUK,
a Kmo yeepss, 4mo smo 0mcmasHoti Knepx,
yumep-6amanep, a moxcem Gvimv, u noo-
wikunep. [B.J. Jlanv. Ckaska o IIOXOXK/IeHU-
AX yepTa-nocnymnnka, Cugopa Iomkap-
nosuya (1832)]

1830-e rr.

|_—> “Xopoumii, OTIMIHBIIT’
— Ioiidy cmompemp «Jleno necmpuix».
Bpam euden — 2060pum, KaccHoe KUHO.
Tam nHaw smomy ka-a-ax 0an! [B.C. Boi-

coykuti. O MOOUTENAX «ITPUKTIOUEHUII»
(1955-1960)]

1950-e rr.

epoch

BN 1682-1916
e 1918-1990
EEE 1991-2017
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41




Plan:

1.

2.
3.

RuShiftEval-2021 shared task on Lexical Semantic Change
Detection (LSCD) for the Russian language

Deepl\/listake solution « 2nd best, outperformed the winner in the post-eval
XLM-R fine-tuned for the WiC task

GlossReader solution « the winning solution
XLM-R fine-tuned for the gloss-based WSD task

(briefly) Results in LSCDiscovery-2022 shared task on
Lexical Semantic Change Detection (LSCD) for the Spanish
language



LSCDiscovery-2022: leaderboard for graded subtasks

GlossReader: no adaptation to Spanish, no linear regression, just average distance between the contextualized

embeddings after WSD fine-tuning on English WSD dataset!

DeepMistake: 2nd step of fine-tuning on Spanish WiC data from the task

Tables from Frank D. Zamora-Reina, Felipe Bravo-Marquez, and Dominik Schlechtweg. 2022. LSCDiscovery: A

Task Change graded | COMPARE

# | Team name SPR SPR

1 | GlossReader 0.735(1) 0.842 (1)
2 | DeepMistake 0.702 (2) 0.829 (2)
3 HSE 0.553 (3) 0.558 (4)
4 baselinel 0.543 (4) 0.561 (3)
5 baseline3 0.508 (5) 0.459 (5)
6 Rombek 0.497 (6) 0.456 (6)
7 CoToHiLi 0.282 (7) -

8 baseline2 0.092 (8) 0.088 (7)
9 baseline5 0.064 (9) -0.072 (8)
10 BOS -0.125 (10) -0.129 (9)

shared task on semantic change discovery and detection in Spanish




LSCDiscovery-2022: leaderboard for binary subtasks

Both models: thresholding of graded predictions

Task Change binary

# | Team name F1 P R

1 | GlossReader | 0.716 1) | 0.615(3) | 0.857 (3)
2 UAlberta 0.709 (2) | 0.549 (7) | 1.000 (1)
3 Rombek 0.687 (3) | 0.5904) | 0.821 4)
4 BOS 0.658 (4) | 0.510(8) | 0.929 (2)
5 | DeepMistake | 0.655(5) | 0.633(2) | 0.679 (6)
6 CoToHiLi 0.636 (6) | 0.553(6) | 0.750 (5)
7 baseline4 0.636 (6) | 0.467 (11) 1.0 (1)
8 HSE 0.586 (7) | 0.567 (5) | 0.607 (7)
9 baseline3 0.548 (8) | 0.500(9) | 0.607 (7)
10 baselinel 0.537(9) | 0.846(1) | 0.393 (9)
[l baseline5 0.508 (10) | 0.484 (10) | 0.536 (8)
12 baseline2 0.222 (11) | 0.500 (9) | 0.143 (10)

Task Sense gain Sense loss
# | Team name F1 P R F1 P R
1 | GlossReader | 0.511 (3) | 0.333 (5) | 0.929 (2) | 0.688 (1) | 0.564 (2) | 0.880 (2)
2 | DeepMistake | 0.591 (1) | 0.433 (1) | 0.929 (2) | 0.582 (5) | 0.533 (3) | 0.640 (4)
3 HSE 0.250 (8) | 0.192 (9) | 0.357 (5) | 0.364 (7) | 0.421 (5) | 0.320 (5)
4 baselinel - - - - - -
5 Rombek 0.50(4) | 0.409 (2) | 0.643 (4) | 0.681 (2) | 0.727 (1) | 0.640 (4)
6 baseline3 - - - - - -
7 BOS 0.520 (2) | 0.361 (4) | 0.929 (2) | 0.610 (3) | 0.529 (4) | 0.720 (3)
8 baseline2 0.211 (9) | 0.400 (3) | 0.143 (6) 0(8) 0(8) 0@
9 UAlberta 0(10) 0(10) 0@ 0(8) 0(8) 0@
10 | CoToHiLi | 0.462(5) | 0.316 (6) | 0.857 (3) 0(8) 0(8) 0@
11 baseline4 0.378 (6) | 0.23 (8) 1.0(1) | 0.588(4) |0416(6) | 1.0(1)
12 baseline5 0.333 (7) | 0.313 (7) | 0.357 (5) | 0.367 (6) | 0.375(7) | 0.36 (6)

Tables from Frank D. Zamora-Reina, Felipe Bravo-Marquez, and Dominik Schlechtweg. 2022. LSCDiscovery: A
shared task on semantic change discovery and detection in Spanish




Conclusions / take-aways

1) XLM-R (and likely other LMs/MLMs also) doesn’t give good representations of word
meaning in context out-of-the-box (high orthographic / grammatical bias).

We previously observed this for WSI, WiC, and now for LSCD also.

2) Fine-tuning for the WiC or gloss-based WSD tasks gives a huge boost in performance
for the LSCD task.

Even if the labeled data is in different language!

a) Maybe fine-tuning for some other sense-related tasks is even better?
b) Can we think about some self-supervision similar to MLM, but resulting in good representations of word
meaning in context out-of-the-box?

3) The deepest mistake of the DeepMistake model - it confuses senses that we can clearly
distinguish. The most noticeable case are the senses under the ‘human’/person’
hypernym.

a) Maybe we achieved the limits of the distributional hypothesis?
b) Can we observe similar trends for other languages?
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Thank you for your attention!



GlossReader: glosses for WiC

Gloss encoder was jointly trained with Context encoder, but not used then.
For English part of MCL-WIC: run full WSD and compare distributions over
senses/glosses of the target word in each context (JSD or gloss matching probability).

90~

oo}
w
|

o
o
|

cosine
euclidean+norm
manhattan+norm

B gloss match prob
r B gloss JSD

Test score
~ ~
o w
] 1

[*)]
w
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(=2}
o
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P(llwcvwcz) - Z P(silwc1) ’ P(Silwcz)
Sies'w

w
w
|

0
GLM XLM-R base MLM XLM-R base GLM XLM-R large MLM XLM-R large GLM BERT base MLM BERT base

accuracy on MCL-WiC, en-en test set 47



Error analysis: selecting words

e Test set of 99 unique target words with annotated sentence pairs
e Results by the model MCL7 9 RSS+uMCLYs g —*opeer
e ARank - the difference between the predicted and the gold word ranks

We consider only words with |ARank| 2 25 at least for one pair of periods.

1. p12 - 24 words
2. p23-18 words
3. p13-13 words

=> 27 unique words for analysis

48



Error analysis: selecting sentence pairs

For these 27 words, we annotated sentence pairs with high disagreement:

|AScore| = |Smode| - Sannotatorl 21.5

e Overall 171 pairs of sentence
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Error analysis: types of errors

e Model can not find the difference. 39%

The model incorrectly classifies two word occurrences as having the same meaning

Gold Model Sentence pairs Meanings
scores | score

212 4 Ckopo npubbInu kK Hemy BpaTbs ero, AHapen n bopuc, ¢ X MHOFOYMCNEHHO brothers -
LPYKUHOIO: HE GbINO HU YNIPEKOB, HU U3BUHEHWIA, HU YCIIOBUIA; AMHOKPOBHbIE O6HsINucs | relatives

C BUAOM UCKpPEHHeN NiobBK, 4TOObl BMECTE CMYXWUTb OTEYECTBY U XPUCTUAHCTBY. brothers -

111 4 3nonony4Hbli "EPOMOHaXx ObIST BbiTALEH U3 OFHA CO cnabbiMy NPpU3HAKaMM XXU3HM. flame, fire
Houbto HeMLbl OBPYLLMAN Ha HaLLe pacnonoXeHne MacCMpoOBaHHbIA apTUINEPUIACKNIA - .
firing, shooting
OlOHb.
143 4 KomaHaa, 3a CKniovYeHneM BaxTeHHbIX, yuiria B yBONbHEHUe, B ropos. vacation

MepBbIM NIIOXUM NPU3HAKOM CTan 3anyLLeHHbIN B NMPECCy ChyX, YTO cpasy e nocrne
yBonbHeHusA MNpumakoBa Panota cam nogan B OTCTaBKy, a Ha ero MecTo yxe
noabupaeTca HoBas kaHauaaTtypa.

dismissal
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Error analysis: types of errors

e Model sees wrong difference. 22.8%

The model incorrectly classifies two word occurrences as having different meanings

Gold Model
scores | score
444 1
444 1
434 1

Sentence pairs

TyT B kapmaHe Tbicsi4a pyorneB nonoxeHa.

BmecTo nTuy, OH NpuHOCKN JOMOM Lienble KapMaHbl KaMHeN 1 ceanuean ux nog
HaBECOM B SALLWK.

Korga Mx BenunyecTtBa NoBEpPHYNM K TON CTOPOHE CTEHbI, KOTopas BeaeT kK Cnacckum
BOpOTaM, Ha NoLlaan yxe cTosna TbicsyHada Tornna, npueeTcTeoBasLlas Llapsa n
Llapuuy BOCTOpXXEHHbIMW KNiMkamn “ypa” n 6pocaHbeM B BO34yX LUAMOK.

B KoHLe aToro ABopa y €TeHbl NOCTaBeHbl 604K, HA KOTOPbIE HanoXeHbl JOCKW.

Ha pykax oHa ¢ ycunuem Tawmna ®eabKy, npuxas ero nonepek )XuBoTa, Yem oH
HWUCKOSBbKO HE CMYyLLancs.

bonu B xxuBoTe He To cTanu crnabee, He TO OH K HAM NPUBbIK

Meanings

pocket
(clothing)

wall
(part of the
building)

belly
(body part)
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Error analysis: types of errors

e Model seems to be right. 23.2%

Pairs of sentences, that in our opinion were correctly classified by the model, but

incorrectly annotated by one or more annotators

Gold Model Sentence pairs
scores score

443 1 ... OH CUJIbHO COYYBCTBYET BONPOCaM CBOEro BPEMEHU, CTPaf4aeT BCEMU HeAyraMun Beka,
OOne3HeHHO My4MTCH HECOBEpPLLUEHCTBaMM O0LLECTBa.
Bo BTOpOI NONoOBMHE NPOLUMOro BeKa pbiTbe KONoaueB Obino 3ameHeHo bypeHnem

CKBaXWH.

331 4 ... €CINY YeroBek, kak GecHoBaTbIi, OAEPXXMM OOHOK ANKOK CTPaCTbO U KO BCEMY APYroMy
BOCMPUMMYMBOCTb B HEM MOTYXJ1a, -- OH UM MaHbSK, KOTOPOro HaAo0 NEeYNTb, U BOMNIOLLEHHbIV

AbsIBOM, ON1s1 KOTOPOro BCE YENOBEYECKOE KOHYEHO.
JTroboe crnoBo, Nbow KEeCT MCTONKOBLIBAETCS C XKEMNE3HOM FIOMMKO MaHbsAKa Kak HanpaBIieHHbIN

K MOEMY YHUUTOXEHMIO.

Meanings

epoch

century

dangerous,
ill person
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Error analysis: types of errors

e Ambiguity. 15%

From the context we could not understand whether two word occurrences have the same

meaning

Gold Model Sentence pairs
scores score

414 4 PebsTa, c Taukamum Tyaal..
CKOTHMK, HACKBO3b HaANUTaHHbIN 3anaxoM HAaBO3HOM XXWXW, TOT caMblii, YTO HE JOBE3 CBOEN

Ta4ku, a nowern CMesiTbCA C MY>XMKaMu, Korga My>uKu ellle 4obpoayLlHO NoKypusanm...

424 1 Bospac AnekcaHngp, u no MHormx nobegax Apasuio 3aBOeBaB, Npucran gaabke CBOEMY
HeCKOmbKO COT BO30B NafoHy, Hannucas emy: He Byab ckyn, rae geno naet Ao boronoytexms.",
3710 GbIN AAAbKa CPeaHUX NET B NATHUCTON pobe.

Meanings
cart/car
cart

uncle
(relative)/teacher

stranger
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Error analysis: results

Model can not find the difference. 39%
Model sees wrong difference. 22.8%
Model seems to be right. 23.2%
Ambiguity. 15%

W N =
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ARank

ARank

ARank

20

-20

-40

-60

20

-20

-40

60

20

-20

-40

-60

aM6VlLU/Iﬂ 6paT BeK AaabKa asana XKUBOT KapMaH Kpbllwa nevyeHune
mm pl2
N p23
I I I I I l I I "
- . = o
brother: . . . .
: uncle / uncle /
relative / €
teacher / sir’ /
form of stranger stranger
address 9 9
InMHéVIKaI ' MaF;bﬂK ' ' MOH'CTp I I-I|aBOJI'IO‘{KIa Hlano);(eHl/Ié I OFC')Hb ' i)I/ITOYPVIKav coéepl.uleHcho 'COBe:I"WIK'

| | b [ 1|
maniac:
direct /
indirect
créHa I ' Ta‘-;Ka ' yﬁonbﬁenue yrneBolnopc;,u ' yKﬁan ' Iq;asé)pvrry 'XO3ﬂ'I71Ka' ueHsypal ' umi:pa '
female owngr / .
cart / car

housekeepeér /

form of
address
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Error analysis

Quantity of human related words:
e Among all: 8/99 ~ 0.08
e Among errors: 6/27 ~ 0.22

Sentence pair

1) "I, pasymeeTcsi, He MpoO peMecfia FOBOPW, He MPO TEeXHWKY, He Mpo MaTeMaTUyecKWe 3HaHus, --
3TOMY M HeMubl 3ae3xuWe Mo HavMy Hay4daT, eCnv Mbl He HayyuM, HeT, a Mb-TO 4yeMmy Mbl Bedb pycCKue,
6paTba 3TOMy Hapogy, a cTano 6biTb, 06s3aHbl NMPOCBETUTb ero.",

2) Wx deTbipe 6paTa.

1) "Bsowen, wapkasi KOCTbUIeM, APSX/Jbid gaabka Bacwunua UBaHblya, OTCTaBHOW KamepaunHep TUXOH. "
2) [aBai Torpa McKaTb TBOEro AAAbKY.

1) Mbl nogHsnucb ¢ aagen Muwein Mo3nHO.
2) Ckonbko ux 6bino -[lBe TeT U OOUH AAAA.

1) "CyxoHbkas rony6ornasasi xo3siika B TEMHOM MOBOMHMKE, C KPOTKWM BbipaxeHueM Ha 6e30TBETHOM
nvue, XJIoONoYeT y MeyYKku: BOpOYaeT yronbs, FPeMUT XBaTOM, ABUraeT YyryHWUKW."

2) "WHorpa MHe Kasanocb, YTO 3TW 3aKONfoOBaHHbie MpeaMeThl Hecnu B cebe He TOJNIbKO XapakTep CBOeMn
XO3AWKU, HO U CTAHOBU/IMCb €e rjas3aMmu M ywamu."

1) "YHATb 6bi10 HEBO3MOXHO, MO KpavHel Mepe B Ty MUHYTY, M -- BAPYF OKOHYaTefbHasi kaTacTpoda
Kak 60oMb6a paspasunacb Hag cobpaHMeM W TpecHyna cpegu ero: TpPeTU 4yTel, TOT MaHbAK, KOTOPbLIN BCe
Maxan KynakoM 3a Kynucamu, BApPYr Bbl6exan Ha cueHy."

2) "He Hapo 6bii0 6bITb 6aneTHbIM MAaHbAKOM, 4YTO6b MOHATb, 4YTO 6anepuHoM 3Ta ocoba HUKOrga He

6ynet."

Error type

Ambiguity

Model can't find the difference
Model can’t find the difference

Model can'’t find the difference

Model seems to be right
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Experiments: Ft. schemes for concat target aggregation (gold sent. pairs)

dataset = dev _avg | metric = wordSpear dataset = dev avg | metric = sentSpear

2-step ft. with MCL-WiC and metwic->rusemsnitice) [ A
RuSemShift is better than McL-wic->rusemshittmse) [ [
1-Step training MCL-WiC->rusemshift-ruMCL-WiC(CE) _ _i
g mcrwic>rusemshitt-umcL-wicise+) [ T —
£ meewicmeewic_wrucce) [ TN T —
g NE—— — . Rl.JSemShift is better than
= e T ] MCL-WiC ru-ru on the 2nd step
mcL-wic_train-en-en(ce) [N 7
|

MCL-WIC_ru-ru(CE)
0.4 05 0.6 07 08 040 0.45 0.50 0.55 0.60
dataset = test_avg | metric = wordSpear dataset = test_avg | metric = sentSpear

MCL-WiC->rusemshift(CE)

MCL-WiC->rusemshift(MSE)

MCL-WiC->rusemshift-ruMCL-WiC(CE)

MCL-WiC->rusemshift-ruMCL-WiC(MSE +)
MCL-WiIC->MCL-WIC_ru-ru(CE)

rusemshift(MSE)

train->finetune

MCL-WIiC(CE)
MCL-WiC_train-en-en(CE)

MCL-WiC_ru-ru(CE)
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RuShiftEval-2021: Examples of annotated sentences

sent 1 sent 2 al | a2
Ho 3aro oH u BBIITyCKaeT 3T0 MACO Ha B lyme teneps meperaT 3a aumHue Tayku. (The members of the 1 1
IIECTHAIIIATHYACOBOM paboTe ¢ TaYKOii B Lower House are now carefully inspected for too many cars. )

Tpuanars myaoB. (But on the other hand, he
produces this meat at sixteen-hour work
with a cart of thirty poods.)

B BoeBonckon TEOppMeE coepKarcs 3TO Te, KTO MOTAeTCs Ha CBOMX Pa3HOKAIMOEPHBIX TAYKAX 110 TOPOAY 2 1
npukoBaHHbIe K Ta4kaM. (In the Voivod B [TOMCKaX NPUKIIIOYEHHH, a KOIJJa OHO UM [TOJJBOPAYNBAETCs, TO C
Prison, people are kept chained to carts.) yI0BOJIBCTBHEM B Hero Opocarotcs. (These are those who dangle in

their different-sized cars around the city in search of adventure, and
when it turns up for them, they rush into it with pleasure. )

[TepeBepHYTHIN CTYJ BIIOJIHE 3aMEHUIT Moeii Opurazie mopydeHo ObLIO CISTUTH 33 TEM, YTOOBI TTAaBOJKOBHIE H 3 1
tauky. (The overturned chair has CTOYHBIC BOJIBI, CTEKABINIKE B 320014, HE Memann paboTe 3a00UIIHUKOB,
completely replaced the cart.) 0COOEHHO TeX, KTO TOHSUI TAYKHU Ha TpaHcropTep. (My team was

instructed to ensure that the flood and waste water flowing into the face
did not interfere with the work of the miners, especially those who
drove the carts to the conveyor.)

The mean of all scores for sentence pairs for the word mauka in Pre-Soviet — Post-Soviet is 1.899

a3

Mean

1.33

2.66

58



