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AnHOTaIMA

JlarHas MarncTepckas JrccepTalidsl OCHOBaHa Ha ctaThbe «Uncertainty Principle for
Communication Compression in Distributed and Federated Learning and the Search
for an Optimal Compressor» [35] 3a aBropcrBom Mepa Cadapsina, Eropa Hlynbruna
u [Iurepa Puxrtapuka.

Jlnist cHMYKeHWsT BBICOKUX 3aTpaT Ha CBA3b IIPHU PACIpPEIEIEHHOM U (e IepaTHBHOM
00y4Y€eHNN, CTaJIN OYeHb MOMYIAPHBIMI PA3IMIHbIE CXEMBI C;KaTHs BEKTOPOB, TaKne Kak
KBaHTHU3aIWA 1 pa3pexenne. [Ipn pazpaboTke MeTo/1a C2KaTHA HEOOXOINMO MTEPeTaBaTh
KaK MOXKHO MeHbITe OUTOB JjIi MUHUMI3AINKA 3aTPAT HA PAH]l KOMMYHUKAIUN, U B TO
JKe BpeMsi BHOCUMOE HCKazKeHUe («UCIepCusi» ) B epelaBaeMble COODIIEHUS JIOJIZKHO
OBITH KaK MOXKHO MEHBIIE JIJIsI MUHUMUA3AIUNA HeOJIaronpusaTHOTO (M deKTa cxKaThs
Ha 0bIIee KOJIUIeCTBO PayHJI0B KOMMYHUKauu. OTHAKO HHTYUTHBHO 3TU JBE TEIN
HNPUHITUIINAIBHO IIPOTUBOPEYAT JIPYT JAPYTY: UeM OoJIbIllee CyKATUE MbI JIOIYCKAEM,
TeM 00JIee UCKAYKEHHBIMEU CTAHOBATCs cooOInenus. Mbl dhopMaimzyem 3Ty UHTYHUIUIO
U JIOKA3bIBaEM IIPUHITUAIT HEOIIPEJIEJIEHHOCTH JIjIsi PAHIOMU3UPOBAHHBIX OIEPATOPOB
C2KATHUs, TAKIM 00PA30M KOJIMYECTBEHHO OIEHUBAsS 9TO OTPAHMYCHUE MATEMaTUIeCKU
U [OKA3bIBasl ACUMIITOTHYECKU TOUYHbIE HUXKHHME I'PAHUIIBI TOIO, YTO MOXKET OBbITh
JIOCTUTHYTO C MOMOIIBIO C’KATUsI KOMMYHHUKAIUA. DTO MOTUBUPYET HAC ITOCTABUTH
3a/1ay 110 MMOUCKY ONTUMAJILHOTO oleparopa cxkartus. Jle/ras mepBbIil mar B 3ToM
HaIPaB/JIEHUM, Mbl PACCMATPUBAEM METOJI HECMEIIEHHOTO CyKATHUsl, OCHOBAHHBIN HA
BEKTOPHOM IIpeJicTaBiennn Kammna, KOTOpbIil MbI Ha3biBaeM cxkarueM Karmna. B
OTJINYNE OT BCEX paHee IMPeIOKEeHHBIX MEeXaHU3MOB CKaTus, KoMmipeccus: Karmmaa

nMeeT HE 3aBUCAILYIO OT PasSMEPHOCTU OHEHKY JIUCIICPCUU.



Abstract

This master’s thesis is based on paper «Uncertainty Principle for Communication
Compression in Distributed and Federated Learning and the Search for an Optimal
Compressors» [35] by Mher Safaryan, Egor Shulgin, Peter Richtarik.

In order to mitigate the high communication cost in distributed and federated
learning, various vector compression schemes, such as quantization, sparsification and
dithering, have become very popular. In designing a compression method, one aims to
communicate as few bits as possible, which minimizes the cost per communication
round, while at the same time attempting to impart as little distortion (variance) to
the communicated messages as possible, which minimizes the adverse effect of the
compression on the overall number of communication rounds. However, intuitively,
these two goals are fundamentally in conflict: the more compression we allow, the more
distorted the messages become. We formalize this intuition and prove an uncertainty
principle for randomized compression operators, thus quantifying this limitation
mathematically, and effectively providing asymptotically tight lower bounds on what
might be achievable with communication compression. Motivated by these developments,
we call for the search for the optimal compression operator. In an attempt to take
a first step in this direction, we consider an unbiased compression method inspired
by the Kashin representation of vectors, which we call Kashin compression (KC). In
contrast to all previously proposed compression mechanisms, KC enjoys a dimension
independent variance bound for which we derive an explicit formula even in the regime

when only a few bits need to be communicate per each vector entry.
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