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Abstract

Graph embedding, which represents real-world entities in a mathematical space,
has enabled numerous applications such as analyzing natural languages, social
networks, biochemical networks, and knowledge bases. It has been experimentally
shown that graph embedding in hyperbolic space can represent hierarchical tree-like
data more effectively than embedding in linear space, owing to hyperbolic space’s
exponential growth property. However, since the theoretical comparison has been
limited to ideal noiseless settings, the potential for the hyperbolic space’s property
to worsen the generalization error for practical data has not been analyzed. In this
paper, we provide a generalization error bound applicable for graph embedding
both in linear and hyperbolic spaces under various negative sampling settings
that appear in graph embedding. Our bound states that error is polynomial and
exponential with respect to the embedding space’s radius in linear and hyperbolic
spaces, respectively, which implies that hyperbolic space’s exponential growth
property worsens the error. Using our bound, we clarify the data size condition
on which graph embedding in hyperbolic space can represent a tree better than in
Euclidean space by discussing the bias-variance trade-off. Our bound also shows
that imbalanced data distribution, which often appears in graph embedding, can
worsen the error.

1 Introduction

Graphs are a fundamental formulation of real-world entities and their relations, such as words in
natural languages, people in social network, and objects in knowledge bases. Here, the vertices and
edges of a graph correspond to the entities and the relations among them, respectively. Based on the
formulation, graph embedding has enabled numerous applications for those data, such as machine
translation and sentiment analysis for natural language [1, 2} [3, 4], and community detection and
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link prediction for social network data [5} |6, (7, |8} |9]], pathway prediction of biochemical network
[[10L [11]], and link prediction and triplet classification for knowledge base [12} |13} |14, 15} 16} {17].
Graph embedding produces representations of a graph’s vertices in a space equipped with a function
that defines the dissimilarity between two points. In this paper, we call a function that defines the
dissimilarity a dissimilarity function and a space equipped with a dissimilarity function a dissimilarity
space. For example, we can consider the squared distance as a dissimilarity function. Graph
embedding aims to obtain representations such that the dissimilarity function reflects the relations
defined by the edges. Specifically, we expect that the dissimilarity function returns a small value for
the representations of a positive pair, a pair of vertices connected by an edge, and a large value for a
negative pair, a pair not connected. Here, to reduce the computational cost, obtaining training data
by the negative sampling strategy has been known to be effective [1]]. In this strategy, we sample a
positive pair for each iteration, followed by sampling negative pairs around the positive pair.

As a dissimilarity space, many graph embedding methods have used linear space equipped with an
inner product function [1} 2} 3} 56l 7, |8 9], which we call linear graph embedding (LGE). However,
linear space has limitations in representing data with a hierarchical tree-like structure [[18], 19} 20} 21].
These limitations are due to linear space’s polynomial growth property, which means that the volume
or surface of a ball in linear space grows polynomially with respect to its radius. This linear space’s
growth speed is significantly slower than embedding hierarchical data such as an r-ary tree (r > 2)
requires, which is exponential [21]]. To overcome this limitation, graph embedding in hyperbolic
space has recently attracted much attention [20} 22} |23} 24, |25 26\ 4| 27]], which we call hyperbolic
graph embedding (HGE) in this paper. In contrast to linear space’s polynomial growth property,
hyperbolic space has the exponential growth property, that is, the volume of any ball in hyperbolic
space grows exponentially with respect to its radius [[18},|19}20L 21]]. As a result, hyperbolic space
is almost tree-like in that it can be well approximated by a tree [28]], and we can embed any tree
in hyperbolic space with arbitrarily low distortion [29]]. Existing HGE papers have experimentally
shown HGE’s ability to effectively represent hierarchical tree-like data such as taxonomies and social
networks. However, the theoretical guarantee of HGE’s performance is limited to ideal noiseless
settings [28| 29} 23], and the comparison between LGE and HGE’s generalization performance in
noisy settings has not been discussed, although HGE could have a much worse generalization error
than LGE in compensation for hyperbolic space’s exponential growth property and cause overfitting
for real data, which are often noisy.

In this paper, we derive a generalization bound for graph embedding using the negative sampling
strategy under noisy settings. To the best of our knowledge, this is the first work that derives
a complete generalization error bound for both LGE and HGE. As discussed in [21]], since the
generalization error of a learning model reflects the volume of its hypothesis space, we can conjecture
that the generalization errors of LGE and HGE are polynomial and exponential with respect to
the embedding space’s radius, reflecting inner product space and hyperbolic space’s polynomial
and exponential growth property. Also, an imbalanced data distribution, which often appears in
graph embedding reflecting the graph structure’s imbalance, may worsen the error. In this paper,
we formally prove that the above conjectures are true, as well as clarify the dependency of the error
bound on the number of entities and the size of training data. Based on the derived generalization
error bounds, we also clarify the data size condition on which HGE outperforms LGE in embedding
a tree, by discussing the bias-variance trade-off.

To derive a generalization error bound in embedding problem, existing papers [30, [21]] deriving
ordinal embedding’s bounds have converted the problem into a linear prediction problem to calculate
its Rademacher complexity [31} (32} 33]]. Also, for hyperbolic embedding, the decomposition of
the Lorentz Gramian matrix [34] has been combined with the above technique [21]]. For graph
embedding using negative sampling, however, we cannot straightforwardly apply these techniques,
which have been effective for deriving ordinal embedding’s generalization error bound. Since the data
distribution depends on the graph structure and positive sampling affects the distribution of negative
sampling in the negative sampling structure, we cannot apply the i.i.d.-uniform-distribution-based
discussions in [30}[21] to graph embedding using the negative sampling strategy. Although a recent
unpublished paper [35] has attempted to derive a generalization error bound only for LGE, which is
incomplete in that the bound still has an unevaluated part and cannot be applied for noisy settings,
this dependency between the distributions has been ignored. We solve this problem by decomposing
the loss function into functions of each edge sampled by the negative sampling strategy. We achieved
this decomposition by our novel multivariable version of the Ledoux-Talagrand contraction lemma



[36]. By our approach, we can upper-bound the Rademacher complexity of a graph embedding loss
function by the sum of the Rademacher complexities [31} 32} 33]] of linear prediction models, which
have been calculated in [30} 21]]. As a result, our generalization bound is valid for various negative
sampling settings where the distribution of positive and negative edges are dependent.

Our contributions are threefold:

* We have derived the generalization error bound for negative-sampling-based graph embed-
ding. Our theorem is applicable to various settings regarding the embedding space, data
distribution and loss function, such as LGE and HGE, the dependency between the positive
pairs and negative pairs’ distribution, and sigmoid loss functions. Our upper bound shows
that LGE and HGE cause a polynomial and exponential error with respect to the embedding
space’s radius, respectively. Our bound also shows that imbalanced data distribution can
worsen the error.

* We have derived specific error bounds for practical negative sampling strategies.

* We have derived an explicit training data size condition on which HGE can represent a tree
better than LGE.

2 Preliminary

Notation In this paper, the symbol := is used to state that its left hand side is defined by its right
hand side. We denote by Z, Z~ ¢, R, R>( the set of integers, the set of positive integers, the set of
real numbers, and the set of non-negative real numbers, respectively. Suppose that D,V € Z~ . We
denote by , R the set of D-dimensional real vectors. For a matrix A € RP:V, we denote by [A] dv

the element in the d-row and the v-th column. For a vector € R”, we denote by ||z ||, the 2-norm
of x, defined by ||z||, = V& Tz, and for a matrix A € RV, we denote by |Allop.20

| Az||, N
W. By (an)n:]_, we

the operator

norm of A with respect to the 2-norm, defined by || Al|, 5 == SUPzcv a0

denote a sequence (a1, as, . ..,aN).

2.1 Graph Embedding

In this section, we first formulate the general embedding problem, before we specialize it into a graph
embedding. Consider an entity set V and the true dissimilarity function V x V — R defined on the
entity set V. For i, j € V, we call §*(i, j) the true dissimilarity between i and j, and a small 6* (4, j)
value implies that entity ¢ and j are similar or closely related to each other, and large §* (4, ) value
implies its converse. In this paper, we identify V with the integer set {1,2,...,|V|}. Embedding
aims to get representations z1, 2o, . . ., zy of the entity set V in a space (£, dz) equipped with a
dissimilarity function 0z : Z x Z — R of Z so that the representations are consistent to the true
dissimilarity among the entities in that if 0* (¢, 7) is small, then 6(z;, z;) is also small, and vice versa.
We call Z the embedding space. Specifically, we aim to satisfy

§*(i,5) S 0° & 0z(2i,2) S 0z, (1)

as frequent as possible with respect to some distribution regarding (¢, j), which we discuss in the
next subsection. Here, 8%, 0z € Rz are fixed thresholds regarding the true dissimilarity 6* and the
dissimilarity d z in the embedding space.

As a dissimilarity function of the embedding space Z, we mainly consider the square distance
[Az(z, zj)]2 if Z is equipped with a distance function Az : Z x Z — R>¢, and the negative inner
product — (z;, z;) if Z is equipped with an inner product (-, -) : Z x Z — R. In this paper, we deal
with the following four dissimilarity spaces.

Definition 1. (Dissimilarity spaces)

(a) The D-dimensional Euclidean space (RD, ARD) consists of the set of D-dimensional real vectors
and the distance function Agp : RP x RP — Ry defined by Agn (z,2’) = ||z — z’Hg. The
dissimilarity function is given by 0o (2, 2') := [Apn (2, 2')]°.



(b) The D-dimensional hyperbolic space (]LD ) ALD) consists of the D-dimensional hyperboloid
LP ¢ RP+! and the distance function Ay defined by

LP = {x e RP™" | (z,x), = -1}, App (z,x') = arcosh(— (z,z') ), (2)
where (-,9)y; : RP x RP — R is the Minkowski inner prodct defined by
<[zo 2 - 2p]L, [0 21 e z’D]T> = 202" 4 20 2424, The dissimilarity

M

function is given by & o (2, 2') = [Apo (2, 2')]°.
(c) The D-dimensional sphere (SD , ASD) consists of the subset S C RP*! and the distance
function Ay p defined by

SP = {a: e RP+! ’ z' x= 1} , Ago (z,2') = arccos(:va’). 3)

The dissimilarity function is given by dsp (2, 2') = [Agn (2, 2')]°.

(d) The canonical D-dimensional inner product space (HD , (5]1D) as a dissimilarity space consists of

the set I” = R of D-dimensional real vectors and the dissimilarity function &;p : I” x I” — R
defined by the negative canonical inner product 6;p (z,2) = —2 T 2/,

Our main focus in this paper is R? and IL.°, although our bound is also applicable to S and I7.

Remark 1. There are multiple models to represent the above spaces. For example, we can use the
Poincaré ball model, upper half space model, Klein ball model to represent hyperbolic space, other
than the hyperboloid model used in Definition[I] While these are isometric to each other, we used the
models in Definition[T|because we can formulate the dissimilarity function as a simple function of

a linear combination of inner products z " z, z " 2/, and z’Tz’, or (x,x’),,, which makes it easy to
apply techniques in [30} 21]].

Graph Embedding Consider a graph (V, £), where V is the vertex set and £ € V x V is the edge
set. Here, we only consider undirected graphs, and thus assume that if (¢, j) € € then (j,i) € £
holds. Graph embedding for a graph (V, £) is a special case of embedding problem defined above,
where the vertices ) are the entities, the true dissimilarity between two entities ¢, j is given by the
graph distance defined by

(S*(Z,j) ‘= min {K } 3(1}1, V2,..., UKfl) S VK_l, (i, ’Ul)7 (’Ul,Ug), ey (UKfl,j) S E} s (4)
and 6* = 1. Then, the objective defined by (T)) is equivalent to

(i,7) € £ & 0z(2,25) < 0. o)

We say that a pair (7, j) is truly positive if (i, j) € £ and truly negative otherwise.
In the following, we denote by deg (¢) the degree of i € V, defined by deg (¢) == {j|(¢,j) € E}.

2.2 Data distribution

In this paper, we consider negative-sampling-based training data and loss functions. Training data
consist of M positive-negative pair sequences. The m-th positive-negative pair sequence s,, =

(5,570 comsists of K+ positive pairs s = ( (i1 100 7)s (s G5 (15 o diee ) ) €
KT _ . . _ . . . .

(V X V) and K negative pairs Sm = ((Zl,mm]l,m)a (22,7r1,7]2,m)7 AR (ZK*,m“jK*,m)) €

(V x V)K_. Here, form =1,2,..., M, we expect that i;_m and j,jm are similar to each other, that

is, 0% (zzm, j]j,rn) < 0*is valid for k* = 1,2,..., K, and conversely, i, and j;_, are dissimilar
to each other, that is, 6* (i;wj,;m) > @*is valid for k~ = 1,2,..., K, although these rules do

not always hold owing to noise or the sampling strategy aiming to save the computational cost. To
derive a meaningful generalization error bound, an assumption on the distribution of the training data
is needed. We consider the following weak assumption.

Assumption 1. s1,s9,...,s)s are independently and identically distributed.



Remark 2. Assumption [l|does NOT imply the independence and identity of the distribution of pairs
in s;% and s;,. For example, the distribution of T > jkf,ym) may depend on (ig’m,j;’m). This

weakness assumption allows us to discuss practical negative sampling settings where negative pairs’
distributions depend on positive pairs.

We give some training data distribution examples, which may be noisy. In the follow-

ing, ]P’[(i‘,:,m,j;m)} and P[(i;’m,jkﬁm)} denote the probability of edge (izm,j;m) and
Uemo Ik, m) being generated as the k-th positive and negative pairs, respectively, and

]P’Ki,;m,j];m> (i:,,m,j;',m)] denotes the probability of edge (¢ (

k-th negative pair given iz,,m, i x.m | being generated as the k’-th positive pair.

) being generated as the

m’jkm

Example 1. (Data Distribution)

(a) (Simple positive-negative sampling) First, we consider the simplest case. Regarding the positive
pair generation, suppose that all the pairs (, j) in the edge set £ have the same probability of being
generated as a positive pair, as a simple case. Also, suppose that all the pairs (¢, 7) not in the edge set
have a possibly non-zero probability that is lower than that for the positive pairs, which means the
existence of noise. Here, we assume that each pair not in the edge set have the same probability, that
is, the following holds:

pt if (4 s i ) €E,
P[(i;m,jim)} = Ortpt (i g ) ¢ Eandif, # G ©)
. 'JF _ .+
0 1fzk$m = Jkm>
where r* € [0,1] indicates the noise intensity. If » = 0, then only truly positive
pairs appear, and if » = 1, then all edges appears in the same probablhty Here, since
+ .+
Z(ifm,jim)evaP[(ll,m’h,m)] = 1, we have that p* = 5z For negative
pair sampling, we consider the following simple distribution.
p~ if (s Tpom ¢ & and iem # Tk
B[ (o din)| = (e it (it € £ g
0 4 = Jgms

where r~ € [0, 1] indicates the noise intensity. Also, p~ is given by p~ = (14_)“}'(“1}'71)”_‘5'.

(b) (Skipgram [[1] type negative sampling) In some applications, it is not easy to sample truly negative
pairs effectively. In this case, more effective but inaccurate methods are often used. In the following,
we explain a negative sampling strategy in [1]], a representative on in such methods. Let K+ = 1,
and consider the positive pair sampling strategy again (6). Based on this simple setting, we consider
the negative sampling strategy in [1]. Here, one vertex of a negative pair 4., is always the same
as that of the positive pair ifm, and the other entity of the negative pair is generated according
to the distribution whose probability mass function is proportional to a value 7T(U ( Ji. m)) where

m:R>9 — R>q is a function and U (]f m) is the frequency of the vertex j; ,,, appearing in a positive
pair. In summary, the conditional distribution is given by
+

P (5G| (e )] = {?W("I’”” ik ®

otherwise.

Here, si _ P[(",")‘*,'*}:l, h — L f
ere, since Zﬂk,mGV i T ) | s 91 m) we have ¢ = =— NG E))

. . .. N e . — 1—rT) deg (41 . )+rT(IVI-1)
P11 35,0 is given by @, U (i) is given by U 5,) = it ee it n he

following, we set 7(x) = x for simplicity. Then we have P [(i;7m7j];7rt) ‘ (iim,jf:m)] =U(jim)

The above setting is an example of the negative pair’s distribution depending on the positive pair.
Note that the above setting does not guarantee that truly negative pairs appear as a negative pair more
frequently than truly positive pairs.



We remark that this paper’s discussion is not limited to the above examples, and Assumption [I]is the
only assumption for our main theorem.

2.3 Loss function

To quantify the consistency of the true dissimilarities of entities defined by ¢* and those of rep-
resentations defined by ¢z, we consider loss function [ : RE" x RE™ R>¢. The loss on a
positive-negative pair sequence s,;, is given by [ (5 4. ) where

m? m
.
0n = [0t it 08t T Oike dke ] )
for e = —, + and ¢; ; is given by J; ; = dz(%;, 2;) for i, j € V. Here, we expect that [ is increasing

with respect to each element of 8., the dissimilarity between a positive pair, and decreasing with
respect to each element of d,,, the dissimilarity between a negative pair.

Assumption 2. The loss function [ is Lipschitz continuous for each variable.

We denote the Lipschitz constant of [ with respect to ¢, it and 6 — .~ by L} and L, , respectively.

Note that the assumptlon regarding the loss function’s LlpSChltZ contlnulty is common to derive a
generalization bound using statistical learning theory (e.g., [33]]). The following examples show that
the above framework is general enough to include the existing applications’ settings. In the following,
h : R — R is an increasing function that converts the dissimilarity.

Example 2. (Loss functions)

(a) (Sigmoid-base loss) Define [ by

0 oo ) 0])+ e ) ).

(10)
where o is a sigmoid shape function. For example, we can use the standard sigmoid function defined

by osta(z) = m, the hinge loss function oninge(z) = max {0,z + 1} or the ramp loss
function oyamp(2) = min {1, ohinge(x)}. h is Ly-Lipschitz. Then L; =L_ = % if 0 = 04q
andL:+ =L, = Ly, if 0 = Opinge 0r 0 = Oramp. for kt =1,2,... KT and k™ =1,2,... , K~.

The above loss function (T0) with the standard sigmoid function o corresponds to the negative-
sampling-based loss function in [1] (h(x) = = and 6 = 0) and the loss function in [20]] for network
embedding (h(x) = 7 and § = r, where r, t are fixed constants defined in the paper).

(b) (Softmax-like loss) Let K+ = 1 and define [ by

P
((5;:,5;) = (5ll+m it m) +In Z exp <h<5ik,m‘jk,m>)' (11

k=1
Suppose that & is Lj-Lipschitz. Then L}, = L, = Ly, for k¥ = 1,2,..., K" and k= =
1,2,..., K. The loss function (TT)) corresponds to the loss function for embedding taxonomy in

[20] with h(z) = \/z, although this h gives a non-Lipschitz-continuous loss function. In this paper,
since a non-smooth loss function often loses a generalization guarantee, we only consider the case
where h and [ are Lipschitz continuous, as in [33].

2.4 Generalization error

The core discussion of this paper is the generalization error, which is the difference between the

empirical risk and expected risk. We define the empirical risk function 7@(2 i (Z)V — R>p on
Sm)m=1 -
A4

training data s = (s)f\f:1 and the expected risk function R : (Z)” — R as follows:

R2((2000) = = S 1500, R (0l) =B tolty) (2)
m=1



Let B C ZIV! be the space which we search for optimal representations 21, 2o, . . . , 2| As we

discuss in the next section, B may be a bounded set rather than the whole space Z!V|. We define the

empirical risk minimizer (zv) ', and expected risk minimizer (z; )|V| by

()0 = argmin RZ((z)),), (200 = argmin RZ((2)00,). (13,
(o)) €8 (z),2, €8

Our interest is the excess risk given by R? ((zv)lvv‘l) —RZ ((z;‘,) ‘Uvz‘l), which indicates the gener-

alization error of embedding. We derive the upper bound of the excess risk in the next section.

Remark 3. In the remainder of this paper, we compare the generalization error among multiple
dissimilarity spaces. Since the loss itself depends on the embedding space’s dissimilarity function Z,
the comparison is not always completely fair. Nevertheless, the comparison can be meaningful. For
1 ifz>0

0 ifx<O.
of the choice of embedding space Z, the risk function on the 0-1 loss indicates the error rate of
classifying a pair (4, 7) into “similar (6* (7, j) < 6*)” or “dissimilar (6* (4, j) > 6*).” Thus, it is fair
to compare this 0-1-loss-based risk between different embedding spaces. Although the 0-1 loss itself
does not satisfy Assumption 2] since the hinge loss and ramp loss dominates the 0-1 loss in that
00-1(x) < Oramp(®) < Ohinge(2), deriving and comparing bounds for these loss indirectly enables
comparison between the 0-1-loss-based risks of different embedding spaces. In this sense, comparing
the risks of different embedding spaces based on a Lipschitz continuous loss is of interest.

example, consider the 0-1 loss defined by (I0) with o(x) = gg_1(x) = { ’. Regardless

3 Generalization Bounds for Graph Embedding

3.1 Assumptions on Embedding Space’s Radius

As also discussed in [21]] for ordinal embedding, to derive a finite generalization bound, in general,
it is necessary to restrict parameters (in embedding cases, representations) to a bounded domain
(e.g., linear prediction models [37, 38|, neural networks [[37,|39]). In this section, we discuss our
restriction on embedding space. For the derived generalization bound to be practical, the restriction
should be simple and geometrically intuitive. Following [21]], we put the following simple restrictions
on embedding space’s radius. Specifically, we discuss the case where we search for representations
in B = Bpr, defined by

Br = { Zy Lvll‘Vv €V :Az(z0,2y) < R} (14)

where zgis [0 0 ...0] € RP for Z=RP 1P and[1 0 ...0] € RP*! for Z =LP SP, and
Aypp is defined by Ajp (2, 2') = ||z’ — z||,. In the next section, we provide the generalization error
bound for empirical risk minimizer in B%.

3.2 Main Result: Finite Sample Upper Bounds for the Generalization Error

In this section, we first give our main theorem, which gives an upper bound for the generalization
error, followed by remarks about intuitive interpretation of the bound and simplified versions.

Theorem 1. Let Z = RP PSP or 1P, and (%, )M and (z )M be empirical and expected
risk minimizers defined by (13). Under Assumptions E] and 2 the following inequality holds with
probability 1 — 0:

B2 ((20%,) &2 ((e)) < 22280 S~ S 1o fobtig vl + 2 ) + (5)

o=+,— k=1
15)

where wz is defined by wgp(R) = wpp(R) = (2R)?, wio(R) = cosh? R + sinh® R and
wgp (R) = \;imco;(;(_m;;}z), kLo = kgp = Kp = 3 and kgp = 2, and v} =




Z Tz z .
HE(Z'E,MJZ,W) Eii,maji,m i it op.2 fork = 1,2,...,K® and « = +,—. Here, Ei,j is
defined by
= aiag lf(la.]) = (7:/7.]./)7
[Ei’jL/ P = ao% ifi' =j' =iori =4 =jand (i,5) £ (i, j"), (16)
' 0 otherwise,

D D D D D D D D .
where a]ﬁag =1, a;R}y = -1, agjiag = —%, af}iag = acﬂﬁag = %, and aﬂoﬁ = afﬂ = aﬂoﬁ =0. [;(B) is
the range of | defined by
1(B) i=max {1(6%,67) | s € S, (2)); € B} —min {1(6%,67) | s € 8, (2))_, € B},

a7

+ -

where S = (V x V)* " x (VW x V).
Remark 4. wz(R) corresponds to the embedding space’s volume. Similar to ordinal embedding
cases in [21]], Theorem [T] argues that the larger the embedding space is, the larger the generalization
error is. Since the volume of a ball is polynomial and exponential with respect to its radius in
an inner product space and hyperbolic space, respectively, the generalization error also behaves
correspondingly. vy indicates the imbalance in the training data’s distribution. Theoremsuggests
that an imbalanced distribution causes large generalization error. This is intuitive because training

data’s imbalance makes it difficult to understand the big picture of the data. We will explore this in
Example [3]and Remark 8]

Remark 5. If Z = R or I”, multiplying a constant « to R and o to Lipschitz constant L§ imply
the same relaxation of the condition, since these two are equivalent by scaling representations. Hence,
the bound in Theorem for Z = RP or I includes a term R2L®, which indicates the essential size
of the embedding space. This discussion is not true of Z = L. and SP, because balls with different
sizes are not similar to each other in these spaces.

Remark 6. Owing to Assumption I, < (2R)? Demi Esz‘l L3, always holds.

Remark 7. For any distribution on s, by Jensen’s inequality, we have that v} <
E H z . "EZ
(8 odtm) || il IR m

Z=LP SP, and IV.

= cz holds, where cz = 4 for Z = R” and ¢z = } for
op,2

The proof is based on evaluating the Rademacher complexity 31} 32} |33]], but technically nontrivial
due to the dependency among the data. We have overcome this difficulty by our novel decomposition
of the Rademacher complexity. See the supplementary materials for the complete proof of Theorem I}
In the following, we discuss examples of specific negative sampling strategies.

Example 3 (Calculation of v;). Consider the setting in Examplem Then the following holds.
Proposition 1.
(a) Suppose that the data distribution is given by (6) and (7). Then we have that

+ 1 (I=r")max;epdeg (i) +rt (V]| —1) o 1 maxieydeg (1)

T T - IV - D] 2 G (1%)
1 e[V =)~ mineydeg (D] + (V= 1) _ 1 (V= 1) — miney deg (1)
R e R e v e R R I R R I

for Z =17 1P SP, and for Z = RP we have that
L+ <2[(1 —rP){2max;cy deg (i)} + rT|V|] <y, Maxiey deg (i)

20
(S - .
_ 1 ([V|—1)— (1 —r~)min;eyp deg (i 1 (V| —1) — min;cy deg (¢
oot D= (= mineydeg @)y 1 (V1= 1) = miniey des @)
VI (VI=1) = (1 =r )l VI (vI-1) -5
(b) If the conditional distribution of negative pairs is given by (), then we have that
_ 1 (A—r)maxepdeg (i) +r (V| —1) _ 1 maxey deg (i) 22)

"hz T [(A—r)El+r-PIVI-D]  ~ 2 €| ’



for Z =1LP 1P SP, and

max;ey deg (i)
€]

- g (1 —r~)max;ep deg (i) +r (|[V| - 1)

Yk (= )E[+ IV - 1) 1. @

+1] §2[

See the supplementary materials for the proof of Proposition [I]

Remark 8. We can interpret the evaluations of 1/{|r and v, in Example as follows. In the following,
we take (I8) and (22)) as examples, but similar discussion holds for all settings discussed in Example 3]
First, we consider = 0, which implies no noise setting. In this case, V1+ =y, = % . %‘deg(“
is valid. Here, the right hand side inldicates the edge distribution’s imbalance. For example, the

right hand side takes the minimum il if the graph is regular, where the distribution of edges are

completely balanced, and takes the maximum % if the graph is a star, where all edges are connected
to one vertex, which is most imbalanced case. Hence, the equation regarding v~ and v, implies that
the more balanced the edge distribution is, the smaller generalization error it has. This relation is
consistent to what we have emphasized in Remark@ Second, we consider the relation between r and
the generalization error. The bound is decreasing with respect to r, the noise intensity. This is because
training data is balanced between truly positive and negative pairs if the noise is intensive. Note that it
does not imply that larger noise is better, because large noise worsens the optimal expected loss, even
though it has small generalization error, which may lead to a large loss of learned representations.

4 Comparison between LGE and HGE

Theorem [I] implies that HGE has a larger generalization error than LGE; in other words, HGE
has a higher variance than LGE. Conversely, hyperbolic space’s ability to obtain low-distortion
representations for a complete noiseless tree has been shown [29 40, |21]]; in other words, HGE has a
lower bias than LGE. To evaluate the performance of learning models, discussing the bias-variance
trade-off is essential. In this section, by combining the above bias and variance discussions, we derive
an explicit condition on which HGE outperforms LGE in obtaining representations for a tree.

For fair discussion, suppose that the loss function [ is given by with the ramp loss function
0 = Oramp, Which dominates the 0-1 loss function as discussed in Remark@ and the data distribution
is given by the setting in Example|l|(a) with K+ = K~ = 1. Consider the following conditions
stronger than (B)):

and define R* as the expected risk given by representations that satisfy the above conditions. Under

the conditions, the loss is zero if truly positive pairs appear as positive pair ((i;ﬁm, j,j’m) eé ) or

truly negative pairs appear as negative pair ((i;w I, m) eé& ) . Then R* is the achievable minimum
expected risk.

Let VRz and VL

min min

denote the minimum V attainable by LGE using R? and HGE using 1.2, respec-
tively. Assume that the true dissimilarity 6* is the graph distance of a tree. Regarding VE® and VL

min min?®

the following lemmata hold [29, |40, 21]] (See the supplementary materials for the proofs).

Lemma 1. Suppose that (V,E) is a tree and 6* : V x V — Rxq is given by its graph distance.
Then, there exist R € Rxq, representations (z1,z2,...,2y) € Br in L2, and threshold 6z € R

that satisfy Q4) for all i, j € V. In particular, R* ((zj;)M ) = R*.

v=1

Lemma 2. Let (V,&) be a graph and define W and p by W = |V|(|V|—1) and £ = EWI
Define = min{u*,u"}, where p*t = %W - WW =
1 rt

% (1_T,)(}_p)+r, - WaSeET In LGE, the expected risk of the expected risk minimizers

satisfies RZ ((zjj)lvvz‘l) > R* + VE i Here, VE

min min

=

and p~

is not smaller than the number of disjoint 6-star

subgraphs in the graph for the 2-dimensional LGE.

By Theorem [T} we can conclude as follows:



Proposition 2. Suppose that (V,E) is a tree and 6* : V x V — R is given by its graph distance,

2
and take R given in Lemma Letvy o = (1 /quD + 1/1/1_]LD> f
3 / 1
wro (R el <, /[8vy 1o In|V| 4+ 4/In ) , (25)
Ay|py, Sy Y]+ /n2)

min

then HGE’s R® (( )l _|1) is smaller than LGE’s.

See the supplementary materials for the proof of Proposition [2]

Remark 9. Proposition [2]implies that if the true dissimilarity is given by the graph distance of a tree,
then HGE is better than LGE even if the data is not complete and noisy, if M is larger than the right
hand side of (23).

Example 4. We consider the complete balanced - ary tree with height h. Suppose A = 5 and i = 4,

and the positive and negative pair distributions are given by Examplel (a) withrt =~ = 1074,
Then, HGE’s R® ((zv)L"'l) with R = 39.50... is smaller than LGE’s if M > 7.735 x 10% with

probability 1 -0, where 9 = 1071

See the supplementary materials for the proof of Example[d] Example[]is the first specific calculation
result that theoretically guarantees the superiority of HGE to LGE. Nevertheless, tightening the right
hand side or deriving a necessary condition could be future work.

5 Conclusion

We have shown that LGE and HGE cause a polynomial and exponential error with respect to the
embedding space’s radius, respectively, and that imbalanced data distribution can worsen the error.
Our bias-variance trade-off discussion implies that even though HGE has larger generalization error
than LGE, HGE with sufficiently large number of data can represent hierarchical data more effectively.
This discussion provides a guide for embedding space selection in real applications.

One limitation of our result is that it does not clarify the error’s dependency on the dimension D. Our
bound does not depend on D, which is not consistent to our intuition that using low-dimensional
space should give low generalization error. This problem is essentially the same as that pointed out
in [21]], which partially used similar techniques to ours. Deriving a tighter bound in terms of the
dimension for general ordinal embedding could be future work.
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