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MoTuBauus

Firmicutes
Animalia Chlamydiae
T— Planctomycetes
Bo MHOrMx gaHHbIX eCTb nepapxmyeckume CBA3WN: P ) ‘
rotozoa ' " Actinobacteria
* coumanbHble ceTu (poacTea / paboynx OTHOLLEHNI) Furyarchacom =" usobactera
Crenarchaeota Cyanobacteria

* usioreHeTnYeckune aepesbs (poacrtaea brosiorndeckmnx
B/OOB)

Proteobacteria

* CJ10Ba B rnpenJiooKeHnAX eCteCrBeHHOIO A3blKa

dmnnoreHeTnyeckoe gepPeBO

* OKCNEPTHO-oMNpeaeneHHble dissimilarity measures”

S

rrrrrrrrr

VP
/’\

VP PP feline canine

NP ﬂp /EP cat dog wolf fox
l /\ /\ big cat

NNP V. DT NN P DT NN

a JepeBbs XOPOLLO BK1a4biBAOTCS

B runepobosinyeckoe np-Bo:

tiger
Keith saw the man with the telescope.

T.K. Vol(B,) ~ exp(r)

CMHTaKCN4YeCKNE OepeBb4

*Duin R. P. W., Pekalska E. Non-euclidean dissimilarities: Causes and informativeness //Structural, Syntactic, and Statistical Pattern Recognition: Joint IAPR
International Workshop, SSPR&SPR 2010, Cesme, I1zmir, Turkey, August 18-20, 2010. Proceedings. — Springer Berlin Heidelberg, 2010. — C. 324-338.



ImoeaanHrn: word2vec

OObeKTbl OTODpaXKaroTCS B BEKTOPA.

Hanpumep, word2vec™

CnoBo u € 7" n3 cnosaps 7 '— naeTcs Croem
HenpoceTn ¢ Habopom nNapamMeTpoB

a € R™71 ya Bbixoge kotopoit f € RXI7

[ycTb Wy € 7" — CNOBO KOHTEKCTa, U

{wi, ..., W, } — LLyMHble NpyMepbI CNOB
KOHTEKCTA.

k k
O6yuerue = makcummzauns £, (@, f) = HP (010 | Wj u) = H o ((— !0 {a, Dy ) Ra )
1=0

Queen |

Biggest
Woman E 4 _

.....
A0
-

Big

King Small

Smallest

st ’.1

Semantic Syntactic
Relationship Relationship

1=0

(4aCcTO BCTpevarLmecss BMECTE CJ/ioBa — oTobpa)katoTcHa B 6/IM3KUe BeKTopa)

nocne 3Toro améeaauHrn cnoB MOXHO CK1aabiBaTh/BblunTaTh (Ha HUX ecTb cTpykTypa R")

* Mikolov T. et al. Efficient estimation of word representations in vector space //arXiv preprint arXiv:1301.3781. — 2013. (~38k citations)



Upes: rmnepbonnyeckue amoegaviHrn

S

Pa3 Ha cfioBax eCcTb Mepapxmnyeckmne cBsA3n, ckansgpHoe S e
1 39 —_—
npousseneHme B R" — nnoxasa mepa “6nmzoctn’. e e N e

NP ﬂp ﬁp cat dog wolf
| /\ /\ big cat

pes: 3aMeHnM ( -« , + Ypa Ha (P, @)pe = — cosh(dy(p, q)) | e verm eor m

Keith saw the man with the telescope.

(B ueneso yHkunn £, . (@, p)) CoHTAKCUMECKIIE pepeBts

Ons obyyeHns (MakcumMmmsaumm £) Hy>KHO YMeTb cUUTaTb €€ NPou3BOaHbIE MO A, [

015 3TOro rpagueHTsl V , V 5 log £ - Hapo npocTo cnpoeuupoBaTb HA TPI]-I]d
proj, (v) = v + (P, Ve p

To eCcTb CTPYKTYypa BEKTOPHOIO Np-Ba Ha c/ioBax
byneT B KacaTtesibHOM Mp-Be

* Leimeister M., Wilson B. J. Skip-gram word embeddings in hyperbolic space //arXiv preprint arXiv:1809.01498. — 2018.



Upes: rmnepbonnyeckue amoegaviHrn

B TpM MOXXHO paboTaTb C T.H. rmpoBekTopamu (Mébuyca) (B mogenu )

(14206, y) + Iy 1)x + (1 = [lx]|*)y
L+ 20x,y) + | x[I* I y]I°

X MOXXHO CKNlagpiBaTb X P y =

BbluMTaTb X Sy = X D (—Y)

YMHOXaTb Ha ckansap r @ x = Exp,(r Log,(x))

| Mx |

| x|

Mx
| Mx ||

yMHOXaTb Ha MaTpuuy M®(x) = tanh ( atanh HxH)

* Leimeister M., Wilson B. J. Skip-gram word embeddings in hyperbolic space //arXiv preprint arXiv:1809.01498. — 2018.



Mopaenv runep6onnyeckon reomeTpumn

1) JlopeHua |
1" = {x=(xy,...,x,) € R : (x,x), = —1,x,> 0} r

roe (x,y); = x!gty, g% =diag(l,...,1,—1)

d(x,y) = acosh( — (x,y);)

2) Myankape B" = {xe R": ||x|| <1}

lx =y’
d(x, =acosh(1+2 )
(x, ) (A= xIHA = Iyl*)

g®=12g% rped =2/(1—|x|°)

— koHdopmHa R", yTo oyeHb yoobHO

ecTb Takxe mopgenu NMyankape H" (nonynp-Ba), KnenHa K", nonycdepsr J”,
HO JlopeHL n [TyaHkape Hanbosnee ynobHb|



[Tpo6nema: ctTadbunbHOCTb rMNepo. BNIOXXKEHUA

[Tpn YncneHHOM NOCTPOEHUN TNMEPBHONNYECKUX BNOXXEHUN Mbl paboTaem C
dbmnkcmpoBaHHONM TOYHOCTLIO (YMcioM paspsiaos float-o.).

13-3a pacTsyKeHnsa METPUKK BOaANW OT UEHTPAa, BNOXEHUS JANTEKNX TOYEK
HecTaOuNbHbI

— BJIOXKEHME MJTIOX0™ COXpaHAET METPUKY:

Av. Distortion = (i> Z d(xl,y) dy(J(x),f(y)) — d(x,y)

x,yeX

Kazanocb Obl, MOXXHO 3anacTnCb OOCTAaTOYHOW TOYHOCTLIO; UK caefnaTb TOYHOCTb
3aBUCSILLIEN OT 3TOro yganeHus,

HO eCTb 1 gpyras nges!

Mishne G. et al. The numerical stability of hyperbolic representation learning //International Conference on Machine Learning. — PMLR, 2023. - C.
24925-24949.

Sala F. et al. Representation tradeoffs for hyperbolic embeddings //International conference on machine learning. - PMLR, 2018. — C. 4460-44609.
* Linial N., London E., Rabinovich Y. The geometry of graphs and some of its algorithmic applications //Combinatorica. — 1995. - T. 15. — C. 215-245.



(Mnep6onnyeckne BNOXKEHUSA 3aMOLLLEHNAMN!

Algorithm 1 Map Lorentz model to L-tiling model

Require: = € £?
initialize R < [
while = ¢ I do
if o < —‘CEgl then S + g;l
else if x5 > |z3| then S < g; '
else if x5 < —|z2|| then S < g
else if 3 > |r5| then S « g,
(R,z) « (R-S,L-S~ 1. L7 1.2
r1 = +/22+ 22+ 1 >renormalize x
end while
output (R, x)

Figure 1: The regular quadrilateral
tiling of hyperbolic space produced
by the group G on the Poincaré disk.

Yu T., De Sa C. M. Numerically accurate hyperbolic embeddings using tiling-based models //Advances in Neural Information Processing Systems. —2019. - T. 32.



(Mnep6onnyeckne BNOXKEHUSA 3aMOLLLEHNAMN!

Hyperbolic Error- Bits

on Models size (MB) bzip (MB)
L 2
o o Poincaré(16512B) 372 119
e . * Poincaré(12688B) 287 31
= .« © Lorentz(11898B) 396 171
T
fé) : o Matrix(VLQ) 600(286) 260(251)
S %0} - ° Entries(VLQ) 132(63) 57(55)
IS A L-tiling T Order 111 8.52
¢ Lorentz . o VBW 33.1 6.07
4 @ Poincare o
40 ® fpt-£32 6.2 1.96
D U fpt-f16 4.25 1.07

bits per node

Figure 3: (Left) Hyperbolic error for WordNet Nouns; (Right) Compression statistics for WordNet under the
same MSHE, first block contains the size of original poincare embedding, second block contains the size
of compressed baseline models, third block contains the size of matrix part in the L-tiling model (size of

compressed integers using VLQ 1s also reported), the last block contains size of float points (fpt, 32 or £{16) in
the fundamental domain of L-tiling model.

Yu T., De Sa C. M. Numerically accurate hyperbolic embeddings using tiling-based models //Advances in Neural Information Processing Systems. —2019. - T. 32.



(Mnep6onnyeckne BNOXKEHUSA 3aMOLLLEHNAMN!

PerynsapHoe 3amoLleHne nyockoctn JlobayeBCcKoro
Koanpyetcs cumsonom Lnedpnn  {4,4} —

apyrue: {3, 6} — 6 TpeyrosbHNKOB CMEXHHbI, {6,3} — 3 6-yronbHMKa

[1N1O0CKOCTb MOXXHO 3aMOCTUTb JItobbIM {n,k}, ecnn 1/n+1/k = 1/2

B pasmepHOCTSAX Bblle 3aaa4a, Kasanocbh b6bl, npocTa:

y rpynnel usometpun np-sa PSL, (R) ponkHa 6biTe KO-KOMNakTHast QncKp. nogrpynna
(3TO HasbiBaeTCcs PyKCOBLI FPYMnbl)

K coxkaneHuto, knaccuyeckui pesynbtat* Kokctepa rnacut, 4to B dim > 6 Takoro HeT

* Coxeter H. S. M. Regular honeycombs in hyperbolic space //Proceedings of the International Congress of Mathematicians. — Amsterdam : North-Holland
Publishing, 1954. - T. 3. - C. 155-169.



(Mnep6onnyeckne BNOXKEHUSA 3aMOLLLEHNAMN!

Bo3Mo>XHble pelieHns (a4 yBeMYeHNs pa3mMepHOCTN)

1) PaccmaTtpumBaTtb OeKapTOBbl CTENEHN 3aMOLLLAEMbIX

B8 cTaTbe* npepnaraercs 3amowars (H?)"? —>

(0,1)

2) CTpouTb 3aMOLLEeHNA N3 N3OMETPUN, HE | B
06pasy+0|_u,|/|x prl'll'ly(?) TLT‘I“I“L ‘L‘I“\ [T T ‘L

*Yu T., De Sa C. M. Numerically accurate hyperbolic embeddings using tiling-based models //Advances in Neural Information Processing Systems. — 2019. - T. 32.



(Mnep6onnyeckne BNOXKEHUSA 3aMOLLLEHNAMN!

ECTb T.H. an FOpVITM S arkar_ a Algorithm 1 Sarkar’s Construction
1: Input: Node a with parent b, children to place cq, ¢a, ..., Cqeg(a)—1, Partial embedding f containing an embedding
BJ1OXKEHNA OEepPEBLEB B [H]n for a and b, scaling factor 7
2: (0, 2) < reflectf(q)0(f(a), f(D))
_ 3: 0 < arg(z2) {angle of z from x-axis in the plane}
ero naesi: BepLlunHy-poanTens s fori € {1,....deg(a) — 1} do
OTNPaBnsieM B LEHTP, OeTen sy (Gt cos (04 5228 ) S5t sin (04 5225
6: end for
CTaBI/IM I-IO prry, I-IOTOM 7 (f(OJ)? f(b>7 f(cl)a SR f(cdeg(a)—1>> — I‘eﬂeCtO—U"(a) (07 ZyYlye ooy ydeg(x)—l>
TPAHCMOPTU pyeM BCéX O6paTHO, 8: Output: Embedded H vectors f(c1), f(c2),- .., f(Cdeg(a)-1)

ClUnBaeM

HECMOTPS Ha OTCyTCTBUE rnobanbHON CUMMETPUN Y TAaKOro
»  BNOXEHWs, 3TO AOBOJSIbHO 3P MPEKTUBHbLIN METOL,

B NPUMEHEHUN ero K peasbHbliM AaHHbIM ObIBatOT HEKOTOPbIE
3aTPYyOHEHUS:

<- HaNpuMep, eCnNn B JaHHbIX €CTb LUWKIIbl, X NPUXOONTCH
younpaTb, BBOOSI HOBble BePLUWHbI (OepeBo LLTenHepa)

Sala F. et al. Representation tradeoffs for hyperbolic embeddings //International conference on machine learning. - PMLR, 2018. — C. 4460-44609.
* Linial N., London E., Rabinovich Y. The geometry of graphs and some of its algorithmic applications //Combinatorica. — 1995. - T. 15. — C. 215-245.



