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Problem statement

3agada pacnpeneneHHon ontuMmmnsaumm B oowem Buae:
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X_i,Yy_i-pgaTacert. Theta - Hekaa o6obueHHas moaesnb



Problem statement

Y710 Takoe Gossip fast mix?

OcHoBHaa ngesa - uMmes n WIyK
“ncesporpaaneHToB” B ngeane COMTUCh K
eanHOMY “yCcpeaHEeHHOMY” 3HAYEHUIO FrpagneHTa

Algorithm 4 FastMix
Parameters: Vectors 21, ..., )7, communic. rounds P.
Initialization: Construct matrix z with rows 27, ..., 21,
1—4/1=-22(W
choose z~* 0 1y 185UF)

=ni=nn= =
forh=0,1,2,...,P—1 do
"t = (1 4+ n)Wzh — nzh1,
end for
Output: rows 21, ..., zps of z° .




Motivation

BeptukanbHoe o6y4yeHue - nogxopn K
oby4eHuio moaenen, Npn KOTOPOM Mbl
AeNIUM UCXOAHble AaHHbIE HA NMPU3HaKMU.
2710 nossonseT achheKTuBHO
MCNoNnb3oBaTh AaHHble, HaxoAALWMeCs B
pPa3/INYHbIX Y3/1aX CETU, K TOMY Xe, TaKOM
noaxopn aAsnsieTca 6onee 6e3onacHbIM.

sainjea

Vertical Federated Learning
(Feature Expansion)

(uoisuedxy sjdwes)
Buluiea] pajesapa4 |LIUOZIIOH



Related works

B [2] 3apaya cTaBUTCSA Tak:
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Kaxxgaa Hoa MMeeT CBO COOCTBEHHLIN HAabop dond A_i, X_i U BbIYUCIAET rpagueHT HE3aBUCUMO C
nomMoubto L-Katyusha, a 3atem nepepaet ero ¢ nomowbio pyHkUnm AllReduce[3].



Related works

PaboTaem B 3 npeanonoxXeHnsx

1) W cunbHaa BbINYKOCTb
2) L rnagkocCtb
3) Cob6cTBeHHble 3HaveHnsa AAT €[,L]



Related works

B OaHHbIX NpeanonoXeHnsax AOCTUraeTCsa Takasa oLeHKa Ha YMCno Utepaumnii.
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JTa cTaTtbs NpMMeYaTesibHa npexae BCero TeM, YTo oHa aBNSEeTCA OAHOM U3 MepBblX, KOTOPaa Aasna rapaHTum
TeopeTtnyeckomn cxogmmoctm B VFL, a He TONbKO B YNCNEHHbIX TeCTax




Related works - Pseudocode

fork=0,1,2,... K do
for i = 1...n in parallel do
Select uniformly batch J*, |J*|=b,
oF < 012F + 0wk + (1— 01 — O2)yF

for j € J* do
Compute (AT, z¥ — wF)
Using communications
broadcast Q; ((AL;, =¥ — wk))
end for
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k

ik (nowh + 2 - 3g)

Yi with probability p
whtl 37

wk,  with probability 1 — p
if wf! = y¥ then
forj=1...sdo
Compute (AT, z¥ — wk)
Using communications
broadcast (AT, zF — wf)
end for
Compute 2 (AT Aw* —ATb)
end if
end for
end for
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New results

HanwncaH koa ans npouenypbl Gossip fast mix ¢
60/1ee KOHKPETHOW AelUeHTpann3aumnen, i
MoKa3aHa CXOAMMOCTb. . \
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New results

B npeablayLiei ctatbe[2], saKCnepumMeHT - |
nokasarsi, YTo NapaMeTpPbl CXOANMOCTM o
oTnMyatoTcst nopsiakom B 107-8 pas. Ceiiyac S
nony4eHo obpaTHoe. CxoanMMOoCTb C ,
napameTpamu par = max(par_i) =




Github link



https://github.com/Lhesnor/DVPL

Plans and Expectations

Y10 genaTtb ganbLie?

- OueHunTb BpeMs paboTbl fast-mix ([MpocTo)
- JlokasaTb CXxogMMOoCTb ans npouenypbl GOssip y>Xe aHanuTnyecku.
- [lokasaTtb CXxoaAuMOCTb A4 HEMTMHENHOW DYHKUNMN.

B ycnoBusax obLen 3agaym pacnpeneneHHon ontuMmmnsaunm aBtopamm [2], B NpeanonoxeHnm
HECMELLEHHOCTUN rpagMeHTa He Oblfla foKa3aHa CXOAMMOCTb ANS HENTMHENHOr O Crlyyad

NogpobHee MOXHO MOCMOTPETL B fokasaTenbctee nemmol C.1 B [2]
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