lNpoekmupoesaHue ML-cepeuca Osisi NpO2HO3UpO8aHUsI KOMUPOBOK akyuli (Ons
Advisors’ Axiom ot PocbaHka)

O npoekme

MHBecTuuymoHHas nnatgpopma Advisors’ Axiom — 3To nsiowagka ans COBMECTHON
paboTbl NHBECTOPOB cermeHTa Premium u Private Banking, MHBECTULMOHHbIX
KOHCYNbTAHTOB U (hMHAHCOBBIX aKCnepToB, pa3pabotaHHas NMAO POCBAHK .

BoamoxxHoCTM nnaTtdopmbl:

BO 4YTO TOJNNIbKO BAXKHbIE PUCK-MEHEIXKMEHT
MHBECTUPOBATD, HOBOCTHU
KOraA v 3A4YEM OueHka pucka noptgens u
NHBECTULMOHHOE
v/ MepcoHanuanpoBaHHble [1oka3biBaeT TOMbKO Te npogunupoBaHmne
pekoMeHaauunm HOBOCTM, KOTOpPbIE MOryT
NOBMUATb Ha LeHY BalUMX
v/ Moa6opkm LieHHbIX aKTUBOB, U OTMeYaeT
Gymar TOHaNbHOCTb 3TOrO
cobbITuA

v/ MpoaykToBeblit kaTanor

v/ Mogenb
cbanaHcMpoBaHHOro
WHBECTULIMOHHOIO
noptdens

[ns npoekTta 6bina paspaboTaHa HEMPOCETb AN NPOrHO3MPOBaHUSA KOTUPOBOK akUMi B
3aBMCUMOCTW OT TOHANbHOCTM (PMHAHCOBbLIX HOBOCTEN. KNMeHT nonyyaet noabopky
HOBOCTEWN, CBSA3aHHbIX TONbLKO C akTuBaMu B ero noptdene. NonyyeHHaa nHdgopmaums
MOMOXET KIMMEeHTaM, MHBECTULMOHHBIM KOHCYNbTaHTaM U PMHAHCOBbBIM 3KCnepTam
Bonee adhPeKTUBHO MHBECTUPOBATL AEHEXHbIE CPEACTBa B LeHHble Bymarn KOMnaHun.
Kak n3BecTHO, HeraTuBHbIE HOBOCTM Yalle BCEro NpuBoaAT K CHUXXEHUIO CTOMMOCTU
aKuuMin, NO3UTMBHLIE - HAOBOPOT.

Pacckaxxem nogpobHee o0 pa3paboTke 3TON HEMPOCETW.
3adaya

3agava cepBuca — norny4deHune, oueHka (knaccmdpumkaums) prHaHCOBO-9KOHOMUNYECKNX
HOBOCTEN HA OCHOBE MALUMHHOIO 00y4YeHMs1 MOOEN HEMPOHHOW CETU ANS
Knaccudgukaumm TeKCTOB (PHAHCOBO-9KOHOMUYECKOW HanpaBrneHHOCTU Mo TpeM Bugam
TOHanbHOCTEN:

® [03NTUBHaS,
e HeuTparbHas,
e HeraTtuBHas,

M reHepauma Ha nx oCHOBE KpaTKMX aHOHCOB Ha PYCCKOM A3blKe.



Peanu3auyus
leHepauyusi aHOHcO8

D,J'IFI redepaunmn Ha ocHoBe KJ'IaCCI/I(*)I/IKaLI,VII/I TEKCTOB KPAaTKNX aHOHCOB Ha PYCCKOM
A3blKe (C BO3MOXHOCTbIO NMPUBA3KN K KOHerTHOIZ KOMI'IaHI/II/I) NCNosnb3yTCA OABE
HGVIpOCGTI/I. OpgHa reHepupyet aHOHC U3 HECKOJIbKNX CJ10B, KOTOPbl€ Mbl NCMOJIb3yEM B
KayecTBe 3arosyioBka. BTOpaﬂ — Bonee ANUHHbIN TEKCT, KOTOprI‘/'I Mbl UCMOJIb3yeEM B
KayecTtBe aHOHCa.

Bce Ha aHrnuinckom asbike. Ha pycckui nepesogumtcs ¢ noMmollbio API
Axpexc.NepeBogymk.

anBFISKa HOBOCTH (a SHa4unT, N aHOHca) K KOMMNaHn“ npon3BoanTcd NonNcKom B
3aroJjioBke HOBOCTU YNOMWHAHNA KOMMNaHUW.

Co3paHue mopgenu

O6y4eHa Mogenb, KnaccupuumpyoLLas aHrnos3blyHble PMHaHCOBbIE HOBOCTU Ha
NO3UTUBHbIE U HeraTBHble. OnpegenseT NO3NTUBHYIO UMM HEraTUBHYIO TOHANbHOCTb
(P1MHAHCOBOW HOBOCTU M3 MOBOro aHrnos3blMHOrO UCTOYHUKA (FinViz, Hanpumep).

Mopenb BblJaeT ypOBEHb YBEPEHHOCTU B CBOEWN oueHke. [1peanaraetca ncnonb3oBaTtb
TONMbKO Kraccudumkauum C BbICOKAM YPOBHEM YBEPEHHOCTW, a ocTarlbHble HOBOCTU
nomeyaTtb Kak HelTparbHble.

[nsa oby4eHns mogenu notpeboBanocb MUHUMYM 10 TbiCAY padmMeveHHbIX PUHAHCOBbLIX
HOBOCTEM W3 HALIMX WUCTOYHWUKOB. Yem HOBOCTM cBexee, TeM nydwe. WX nydwe
pasMeTnUTb C MOMOLLbD (OMHAHCOBOrO MHAMKATopa, noackasaHHOro (OUHaAHCOBLIM
aHanNNTUKOM.

Penosutopuin He cogepxut ko Aans obydyeHuss mopenen. CoaepXuT Tonbko Ans
reHepaumMm aHOHCOB C nomolbto nbon 3 4 mogenen. OBydyeHune cBoen Moaenu
noTpebyeT HECKOSLKO CYTOK paboTbl BUAEOKapTbI, NO3TOMY fy4lue ero nsbexarsb.

[JdaTtaceTbl
1. newsroom — MUSSIMOH HOBOCTEN C aHOHCaMu, 6e3 KaTeropumn.
2. multi_news — 50 Tbicss/4 HOBOCTEN C aHOHCaMK, ©6e3 KaTeropuin.
3. gigaword — 4 MunnuoHa ctaten ¢ aHoHCaMu B OOHO NpeasioXeHue.
4. cnn_dailymail — ctaten ¢ CNN u Daily Mail. AHOHCbI COCTOAT B OCHOBHOM U3

NpeasioKeHNn ctatbu, NO3ITOMY M CreHEPUPOBAHHbBIE aHOHCbI 3a4acTyH COCTOAT
N3 NpeasioXXeHnn TeCTOBON HOBOCTU. AHOHCHI ANTMHOW B 2—3 NpeanoXeHust.
[daHHble ana oby4yeHus moaenu

McxoaoHbii patacet cogepxut 22 297 pasmeyeHHblx HoBocTen Reuters 3a 2006-2015
rogbl. OH B3AT M3 penosnTopuss K HayyHom cTaTtbe Learning Target-Specific



https://finviz.com/
https://www.tensorflow.org/datasets/catalog/newsroom
https://www.tensorflow.org/datasets/catalog/multi_news
https://www.tensorflow.org/datasets/catalog/gigaword
https://www.tensorflow.org/datasets/catalog/cnn_dailymail
https://github.com/sudy/coling2018
https://www.aclweb.org/anthology/C18-1239.pdf

Representations of Financial News Documents For Cumulative Abnormal Return
Prediction.

[lna pasmeTkn HoBocTen Reuters ncnonb3oBancsa duHaHcoBbin nHankaTtop Cumulative
Abnormal Return Prediction. [lnss kKomnaHun n3 HOBOCTU BbIMYUCIISAETCA
PaBHOB3BELUEHHbIN PbIHOYHBIA MHOEKC, BKIIOYaoLWwmii pasHidy akumm Ha NYSE, Amex,
NASDAQ mexay aHem ao gHs nybnmukauumm HOBOCTU 1 gHeM nocne. Ecnn Toprosbin
AEHb 3aKOHYMICA K MOMEHTY nybnukaumm HOBOCTU, TO 3TOT MHAEKC BbIYUCIIAETCA Ha
OeHb Nno3xe.

Bonee petanbHoe onucaHue n3 ctatbm Learning Target-Specific Representations of
Financial News Documents For Cumulative Abnormal Return Prediction:

Cumulative Abnormal Return  The task that we attack in this paper is Cumulative Abnonnal Return
Prediction (CAR). Formally, the abnormal return AR, of a firm j on a date £ is the difference between
its actual return R;; and the expected return B¢, AR;; = Rj — Rj;. The expected return R;; can be

estimated by an asset price model based on historical prices, or approximated by the market return in a
short-term event window (Kothart and Warner, 2004). The cumulative abnormal return CAR; of the firm
4 in an n-day time window is calculated by summing up the daily abnormal returns in the period (Eq 1).
In this paper. we adopt the commonly used three-day window (-1,0,1), which we denote as CAR; and
day 0 is the day when the current news documents are released,
f
CAR; = ) AR; (1)
t=1

We collect publicly available financial news articles from Reuters from October 2006 to December 20135,
In our preliminary experiments, we find that a news document is more likely to be relevant to a firm only
if it is mentioned in the news abstract. Thus, we only include news documents mentioned at least one
public listed firm in the U.S. security market. We group the news documents per firm per event date. If
the news is released during a trading hour, day 0 is the current day, otherwise day 0 is the next trading
day. We compute the expected retumn I:I'.J-; by the return of equally-weighted market index including all
the stocks on NYSE, Amex, NASDAQ.

Wcnonb3oBaHne aHHOTaUMM (@aHOHCA) HOBOCTM BMECTO €€ TeKCTa MNokasano nroxue
pesynkTarThl.

MpoTecTMpoBaHo 00y4YeHne modenu Ha oT3biBax ¢ Yelp. OHM kopoye, pasHooGpasve
MO3UTUBHBLIX W HEraTMBHbIX (POPMYNMPOBOK HAMHOIO HWXe, MO3TOMY MOAEnNb
nony4yaercs TouHee, YeM Ha (PUHAHCOBbLIX HOBOCTSIX.

MoaroToBKa AaHHbIX

Hactpown HoBOoCTU

[Ons ycuneHus Koppenauumnm Mexagy HacTPOEM HOBOCTU M COOTBETCTBYHOLMM €1
PMHaHCOBbIM MoOKa3aTenemMm peLleHo UCnonb3oBaTb ANs o0y4vyeHuss Mogenu TOnbKo
caMbleé NO3UTUBHbIE N HeraTUBHblE HOBOCTU. B KayecTBe NMO3UTUBHbLIX HOBOCTEWN B3AThI
HOBOCTW ¢ uHankatopom 6onee 0.05. B kayecTBe HeraTMBHbIX HOBOCTEWN B3STbl HOBOCTU
C uHamnkaTopom meHee —0.05.


https://www.aclweb.org/anthology/C18-1239.pdf
https://www.aclweb.org/anthology/C18-1239.pdf
https://www.aclweb.org/anthology/C18-1239.pdf
https://www.aclweb.org/anthology/C18-1239.pdf

Tarke 6binm npotectuposarbl noporu B 0.03, 0.07 n 0.1. OHK fanu MeHbLUY TOYHOCTb
MOLENN, Tak Kak en BbINo CNOXHEE HANTU KOPPENsUMo MeXay HacTpoeM HOBOCTM U
COOTBETCTBYIOLUMM el (PMHAHCOBLIM MoKasaTenem.

Mopor Yucno HoBoCTEN ToYHOCTb
0.1 2227 71%
0.07 3456 2%
0.05 5187 73%
0.03 8627 71%

Hopmanusauus TekcTta

TeKkcTbl HOBOCTEWN yxXe OblNMM 4YacTUYHO NOAroTOBMNEHbl B WMCXOOHOM TEKCTE: 3HaKu
npenmHaHna OKpy>XeHbl np06enaM|/|, TEKCTbl nepeseeHbl B HUXHUI perncTp.

3ateM B TEKCTOBOM pefakTope yhaneHbl Tern naparpada v HOBOW CTPOKM W Opyrue
NWLLHWE 3MNEMEHTBI.

YnaneHue cTon-croe nokasano yxyaleHne Moaernu.

MpoTecTnpoBaHbl pasnnyHble BapuaHTbl aBTOMaTUYECKON NOArOTOBKM TEKCTOB. JlyyLunii
BapyaHT HaxXoAMTCs B CKpunTe obyyeHns mogenw.

O6y4yeHne mopenu

O6y4eHne Ha Bugeokapte RTX 2070 S BbinonHsaeTcsa 3a 1-2 yaca.

Ob6yueHune geckpuntopa cros

O6y4yeHne ceoero peckpuntopa cnoB (word embedding) gano 6onee BbICOKYHO
TOYHOCTb, YeM Wucnonb3oBaHWe npenobyvyeHHOro Ha paraceTte wiki-news, Tak Kak B
h1HaHCOBbLIX HOBOCTSAX MHOIO Cneunann3MpoBaHHbIX TEPMUHOB.



o
omrky
. e |
d ¥ p——
L il |
b4 ]
r-n;
et
Lo . ;
. oo ra R ]
" . =g
- rarrang
ety T -I\.!.E
_ .
" latri2 pericd -~ -
l'ﬁ- fareCint HE i
brecasly e
: h'l"'ille"i
STETRAT P b r!
n c EE . FarTage
0 ekt ) barg expectytion; s ransgament
- Lttt oy —
. ¥ ruremens ) L &
Mg :
. : -y | -
L . Bari . 5 e
*  Fascnigs (emeeniag mosny b 1 peapiy
a4
[ o4 g A rranrt M P,
B T [ — iﬂﬂf—w_q_.jq ¥
chaiten iyie ¥ programs oy
Pyt "11‘\:1':"1 [="= 7k N & coemprbilan e
L] "‘-.-u-:l: L L ¥ naz wg * i
rI..J.!;"‘?‘J'.f i ] meag e - [ ] 'J-\.i-!
ey - Aptaare) L]
G D 32 “':_\:,,I "'W’-“':- e
gt 3
Hretamary o e 4 ' |
R mewt [t £ o
fa—— Parigean Erengiheres = ]
1 rag *
g e ated L=
cw F T wo§ conirains # .
" =
Fotl emmanng o ' ks 3 b e L Fary
-5 g adrried S bt iaeree L
Efarey arspeeraell
& e & [T
twied ] Erey -
) eupected sarted * b
o F
it
- ': :‘x"'? Ewh1
o
ur
- s
I:‘f“'; ﬂ.t_ [ .-rH M‘
r cane
. g
-
¥ F
kO 4 -
n
1".“"'.‘.‘-:.: '“l
[ ' [ [ ]

KnukHume Ha usobpaxeHue, Ymobbi yeenu4umse e20

Mon6op napameTpoB 0O6y4YeHUs moaenu

Ncnonbayetrca LSTM. Kog ons obyveHns mogenn COQepXUT BapuaHT MCMNOMb30BaHUS
GRU Bmecto LSTM, HO oH He pabotaer Ha Bepcusix TensorFlow 1.13, 1.15, 2.0.
MpegnonoxutensHo, GRU 6yaet pabotaTtb Ha ctapon Bepcum 1.10.

lMpotectnposaHsbl learning rate 0.0005, 0.0007, 0.001, 0.002. 0.001 gaeT HauBbICLUYHO
TOYHOCTb.

lMpoTtecTtnpoBaHbl batch size 32, 64, 128. 64 faeT HaMBbICLLYIO TOYHOCTb.
lMpoTecTnpoBaHbl OrpaHUYEHUsT KonnyecTea npeasioxkeHmn B Hosoctn 15, 30, 45, 50 n

55. OrpaHuyeHne B 55 npeanoxeHu nokasano HauBbICLLIYIO TOYHOCTb. bornbliee
MaKCMMarnbHOEe KONUYeCTBO NpeanioxxeHnmn Tpebyet 6onblue BUAEONaMATy.



[MpoTecTupoBaHbl OrpaHMYeHus KomumyectBa croB B npegnoxeHun 50 u  80.
OrpaHnyeHune B 50 crnoB nokasano HamBbICLLY TOYHOCTb.

OnTumanbHasa onMTEeNbHOCTb 00yYeHNa — 6 LMKIOB.
Ucnonb3yemasa apxuTekTypa

ApxuTekTypa mMoaenu onucaHa B Hay4yHon ctatbe Hierarchical Attentional Hybrid Neural
Networks for Document Classification. OHa peanu3oBaHa B peno3ntopuu K 3Ton cTaTbe.

B wmogenn wucnone3ytotca convolutional neural networks, LSTM, and attention
mechanisms.

Masked tokens Target text
[ miythical J [ names J [ It is pure white . <eos>
T T A & [y [ 3 .
-
Transformer Encoder Transformer Decoder
oy
ttt ttt ¢t ttt I O A
Pegasusis . (M It [MASKZ] the madel <s> It is pure white

Input textM“ [Shifted Right]
—
[ Pegasus is mvthicall it is pure white ., It the model . ]



https://www.aclweb.org/anthology/C18-1239.pdf
https://www.aclweb.org/anthology/C18-1239.pdf
https://github.com/luisfredgs/cnn-hierarchical-network-for-document-classification
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MpourpaBlias apxuTekTypa

[pyraa npoTecTMpoBaHHad apxUTeKkTypa HEWPOHKM oOnncaHa B HaAyyYHOM CcTaTbe
Learning Target-Specific Representations of Financial News Documents For Cumulative
Abnormal Return Prediction. Peno3utopui 3TOM cTatbn Bbirnggen Hawnbonee
NOAXOAAWMM ONs Knaccudmkaumm aHrnos3blYHbIX (PMHAHCOBLIX HOBOCTEW O JHOObIX
KoMmnaHusx. Ho ToyHocTb mogenu (mepa F1) okasanacb nuwb 60%. U He yaanocb
ncnonb3oBatb Modenb Ans Knaccudgukaumm OAMHOYHOM HOBOCTW. YOaeTcsa 3anyckatb
TONbKO TecT Ha gpanne ¢ 2000 HoBOCTAMM:

python main.py --gpu 0 --model TE --resume
model/TE_avg 16 _100_100_0.0005 0.1 _epoch_10_17974_model_136_microf1=0.641
.pth

Penosntopuu c ankTepHaTUBHbLIMU apXUTEKTypamMm


https://www.aclweb.org/anthology/C18-1239.pdf
https://www.aclweb.org/anthology/C18-1239.pdf
https://www.aclweb.org/anthology/C18-1239.pdf
https://github.com/sudy/coling2018

1. An_Enhanced Multi-Flow Pre-training_and Fine-tuning Framework for Natural
Language Generation — apxutektypa wu npenobyveHHble Moaenn Aans
aHITIMNCKOro A3blKa.

2. Bart — apxutektypa n npenobyvyeHHble MOAENWN AN aHIUMWCKOro A3blka U Ans

PYCCKOrO.
3. summarus — npegobyyeHHble MOAENM OIS PYCCKOro s13blKa.

TecTupoBaHMe Ha coBpeMeHHbIX HoBocTAX ¢ finviz

HoBocTb Knaccudukauus YBEpeHHOCTb
LG Chem neg 58%
Daimler pos 73%
Foxconn neg 60%
Big Hit neg 78%
Schlumberger neg 85%
LVMH pos 64%



https://github.com/PaddlePaddle/ERNIE/tree/repro/ernie-gen#pre-trained-models
https://github.com/PaddlePaddle/ERNIE/tree/repro/ernie-gen#pre-trained-models
https://huggingface.co/transformers/model_doc/bart.html
https://huggingface.co/facebook/bart-large-cnn?text=Recent+work+pre-training+Transformers+with+self-supervised+objectives+on+large+text+corpora+has+shown+great+success+when+fine-tuned+on+downstream+NLP+tasks+including+text+summarization.+However%2C+pre-training+objectives+tailored+for+abstractive+text+summarization+have+not+been+explored.+Furthermore+there+is+a+lack+of+systematic+evaluation+across+diverse+domains.+In+this+work%2C+we+propose+pre-training+large+Transformer-based+encoder-decoder+models+on+massive+text+corpora+with+a+new+self-supervised+objective.+In+PEGASUS%2C+important+sentences+are+removed%2Fmasked+from+an+input+document+and+are+generated+together+as+one+output+sequence+from+the+remaining+sentences%2C+similar+to+an+extractive+summary.+We+evaluated+our+best+PEGASUS+model+on+12+downstream+summarization+tasks+spanning+news%2C+science%2C+stories%2C+instructions%2C+emails%2C+patents%2C+and+legislative+bills.+Experiments+demonstrate+it+achieves+state-of-the-art+performance+on+all+12+downstream+datasets+measured+by+ROUGE+scores.+Our+model+also+shows+surprising+performance+on+low-resource+summarization%2C+surpassing+previous+state-of-the-art+results+on+6+datasets+with+only+1000+examples.+Finally+we+validated+our+results+using+human+evaluation+and+show+that+our+model+summaries+achieve+human+performance+on+multiple+datasets.
https://www.dropbox.com/s/b2auu9dhrm2wj0p/gazeta_mbart_checkpoint_600_160.tar.gz
https://www.dropbox.com/s/b2auu9dhrm2wj0p/gazeta_mbart_checkpoint_600_160.tar.gz
https://github.com/IlyaGusev/summarus
https://docs.google.com/document/d/1MtMHaoW0o5t1A_kTHmN8LlAVrIjSFAl-YlzDZLXd6ts/edit#heading=h.b20t4h3gcdfo
https://www.reuters.com/article/lg-chem-ceo/update-1-ceo-of-top-battery-maker-lg-chem-discloses-jv-talks-defends-split-off-idUSL4N2H71K5
https://www.reuters.com/article/daimler-results/update-2-daimler-posts-forecast-beating-results-as-demand-rebounds-idUSL8N2H66R6
https://www.reuters.com/article/foxconn-technology/update-2-apple-assembler-foxconn-aims-to-supply-to-about-3-mln-evs-by-2027-idUSL4N2H717K
https://www.reuters.com/article/bts-big-hit-stocks/shares-of-big-hit-which-manages-k-pop-group-bts-lose-more-than-a-fifth-idUSS6N2EV01A
https://www.marketwatch.com/story/schlumbergers-stock-drops-after-adjusted-profit-beats-but-revenue-misses-expectations-2020-10-16
https://www.wsj.com/articles/lvmh-is-firing-on-the-one-cylinder-that-matters-11602844632

Aligos pos 54%

British Airways pos 69%
Vans pos 73%
Pret A Manger neg 56%

lMoxoxe, YTO Mofernb KnaccuuumpyeT pearibHble HOBOCTM He nydwle nondpoLueHHOoM
MOHETKM M obpaljaeT BHUMaHMe He Ha Te crosa. [ns obyyeHuna mogenu Tpebyetcs
Bornee KpynHbIA 1 COBPEMEHHbIN JaTaceT.

OueHKa CKopocTU Moaenu n TpeboBaHus K cepBepy
Mogenb 3arpyxaetca oguH pas, npu 3anycke KoHTenHepa, 3a 1-2 cekyHabl.

Knaccudurkauuna ogHon HOBOCTU BbinornHseTcs Ha npoueccope AMD Ryzen 9 3900X 3a
1-2 cekyHabl.

Mocne 3anycka cepBuc 3aHMMaeT 1 rurabanT onepaTtMBHON NAMATH.

dannbl KOHTENHEpPa ¢ Bubnnotekammn U MoaensaMmn 3aHMmatroT Ha aucke 1-2 rurabanTa.
BonbLuyto YyacTb 3TOro NpocTpaHcTea 3aHMMaeT TensorFlow.

Umoe pabomabi

[MpunoxeHwe ¢ 3agaHHbIM NEPUOAOM BPEMEHN aBTOMAaTUYECKM CYUTLIBAET CBEXNE
HOBOCTU 13 OnpeaeneHHoro nepeyHs CanToB-UCTOYHUKOB, YMEET norny4varb TEKCT
HoBocTu o ccbinke (URL) Ha cTpaHuuy canta-uctodHuKa.

Kaxgast HoBoCTb, nNonagaroLwas Ha OLEeHKY " dopmMmpoBaHMe aHoOHCa, aBTOMaTUYECKU
npmeA3aHa no 3agaHHOMY nepeyHio TeroB K HeobXo4MMOKN KOMMaHUW.

N3o06paxeHuns noabupatoTcs Ans HOBOCTU aBTOMaTMYeCKN Ha OCHOBE TEFOB KaTeropum
KOMMNaHUW.


https://www.marketwatch.com/story/aligos-therapeutics-raises-150-million-as-ipo-prices-at-middle-of-expected-range-2020-10-16
https://www.bbc.com/news/technology-54568784
https://www.marketwatch.com/story/vans-parent-vf-corp-posts-better-than-expected-q2-earnings-as-business-recovers-from-pandemic-hit-2020-10-16
https://www.reuters.com/article/pret-a-manger-jobs/update-1-pret-a-manger-closes-more-uk-shops-cuts-more-jobs-as-trading-dips-idUSL8N2H732I

D,J'IFI nepesoga HOBOCTU Ha pyCCKI/IIZ A3bIK UCNOJ1b3YHTCA BHELWWHNE CEPBUCHI,
obecneunBatoLLme Ka4eCTBEHHbIN MaLUUHHbBIN nepeso TeKcTa.

KoppekTnpoBka aHOHCOB, M300paXeHnn 1 nybnukawumi BeiNOSHAETCS Yepes NnaHenb
aAMWHNCTPUPOBaAHNSA MOLEPATOPOM KOHTEHTA.



