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AnHOTaMs

Jannas 6akajgaBpckas Jiuccepralins ocHoBaHa Ha crarbe «Distributed Second
Order Methods with Fast Rates and Compressed Communication» [I5] 3a aBTopcTBOM
Pycrema Ucnamosa, [lyna Kana u [lutepa Puxtapuxka.

Mper paspaboTajin HECKOJIBKO HOBBIX 3((MEKTUBHBIX C TOUYKU 3PEHUsI KOMMYHUKAa-
UM METOJIOB BTOPOT'O HOPsiJIKa JIJIS PACIpeiesIeHHOl onTuMu3anu. Harn nepBoiii
metos, NEWTON-STAR, asnsercst mogudukanueit Mmerona Hbiorona, or KoToporo o
HacJIe/lyeT CBOIO JIOKAJIBHYIO KBaJIPATHIHYIO CXOMuMoCcTh. Kpome sToro, NEWTON-
STAR mmeeT Ty Ke CTOUMOCTH KOMMYHUIIMPOBAHUSI, YTO W T'PAJMEHTHBIN CITyCK.
XOTsI 3TOT METOJI, HEIIPAKTUUIEH, IOCKOJIbKY OIUPAETCsT Ha MCIIOJIb30BAHIE HEM3BECT-
HBIX [IAPAMETPOB, XapaKTepusyoommx l'eccuan 1eeBoit GyHKIUU B ONTUMYME, OH
CJIY2KUT OTHpaBHOﬁ TOYKOMI JJIsl CO3MaHuA IMTPAKTUIECKOTI'O MeTO a C JOKa3aHHbIMU
TEOPETUIECKUMHU rapaHTUsAMU cxopumocT. Mbl pazpaboTasu cTpaTeruio obydeHust
HEU3BECTHBIX [TaAPAMETPOB, OCHOBAHHYIO HA MCIIOJIb30BAHUM CJIYyIailHON pasperKeH-
voctu. Ilpumenenne sroit crparerun K NEWTON-STAR npuBomuT K cireayromemy
meronxy, NEWTON-LEARN, jisg Koroporo Mbl J0Ka3aJjid JIOKaJbHbIE JIMHEHHbIE 1
CBePXJIMHEHHbIE CKOPOCTU CXOIMMOCTH, HE 3aBUCHIINE OT YHUCIa 00yCIOBIEHHOCTA
dyukiuu. Korga 3mu MeTO/IbI TPUMEHUMbBI, OHU UMEIOT 3HAYUTEJIBHO 00JIee BBICOKUE
CKOPOCTH CXOJIUMOCTH 110 CPaBHEHUIO C COBPEMEHHBIMU MeTojamu. Teoperuueckue
Pe3YJIbTATHI TOJAKPEIICHBI SKCIIEPUMEHTAMHU HA PeasibHBIX HAabOpax MAHHBIX U MOKa-
3BIBAIOT IIPEBOCXOCTBO Ha HECKOJIBKO MOPSIIKOB 110 CPABHEHUIO C KJIACCHIECKUMU
MEeTOJ[AMH C TOYKH 3PEHUS KOMMYHUITUPOBAHUS.



Abstract

This bachelor thesis is based on paper “Distributed Second Order Methods with
Fast Rates and Compressed Communication” [I5] written by Rustem Islamov, Xun
Qian, and Peter Richtarik.

We develop new communication-efficient second-order method for distributed
optimization. Our first method, NEWTON-STAR, is a variant of Newton’s method
from which it inherits its fast local quadratic rate. However, unlike Newton’s
method, NEWTON-STAR enjoys the same per iteration communication cost as
gradient descent. While this method is impractical as it relies on the use of certain
unknown parameters characterizing the Hessian of the objective function at the
optimum, it serves as the starting point which enables us design practical variants
thereof with strong theoretical guarantees. In particular, we design a stochastic
sparsification strategy for learning the unknown parameters in an iterative fashion
in a communication efficient manner. Applying this strategy to NEWTON-STAR
leads to our next method, NEWTON-LEARN, for which we prove local linear and
superlinear rates independent of the condition number. When applicable, this
method can have dramatically superior convergence behavior when compared to
state-of-the-art methods. Our results are supported with experimental results on
real datasets, and show several orders of magnitude improvement on baseline and
state-of-the-art methods in terms of communication complexity.
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