Randomized Diffusion for Indivisible Loads

Petra Berenbrink®, Colin Cooper®, Tom Friedetzky®,
Tobias Friedrich?, Thomas Sauerwald®

4Simon Fraser University, Burnaby, Canada
bKing’s College London, U.K.
¢ Durham University, U.K.
4 Priedrich-Schiller- Universitit Jena, Germany
¢ University of Cambridge, U.K.

Abstract

We present a new randomized diffusion-based algorithm for balancing indivisible tasks (tokens)
on a network. Our aim is to minimize the discrepancy between the maximum and minimum
load. The algorithm works as follows. Every vertex distributes its tokens as evenly as possible
among its neighbors and itself. If this is not possible without splitting some tokens, the vertex
redistributes its excess tokens among all its neighbors randomly (without replacement).

In this paper we prove several upper bounds on the load discrepancy for general networks.
These bounds depend on some expansion properties of the network, that is, the second largest
eigenvalue, and a novel measure which we refer to as refined local divergence. We then apply
these general bounds to obtain results for some specific networks. For constant-degree expanders
and torus graphs, these yield exponential improvements on the discrepancy bounds compared
to Rabani et al. [23]. For hypercubes we obtain a polynomial improvement.

In contrast to previous papers, our algorithm is vertex-based and not edge-based. This
means excess tokens are assigned to vertices instead to edges, and the vertex reallocates all of
its excess tokens by itself. This approach avoids nodes having “negative loads” (like in [12, 14]),
but causes additional dependencies for the analysis.

1. Introduction

During the last years, large parallel networks became widely available for industrial and
academic users. An important prerequisite for their efficient usage is to balance their work
efficiently. Load balancing is also known to have applications to scheduling, routing, numerical
computation, and finite element computations.

In this paper we analyze a very simple neighborhood-based load balancing algorithm. We
assume that the processors are connected by an arbitrary d-regular network. In the beginning,
every vertex has a certain number of tokens (load) and the goal is to distribute the tokens as
evenly as possible. More precisely, we aim at minimizing the difference between the minimum
and maximum load, which we call discrepancy.

Neighborhood-based load balancing algorithms normally operate in parallel steps. In each
step, every processor is allowed to probe the load of all of its neighbors (diffusion load balancing),
or to probe the load of one neighbor (dimension exchange). Then each processor has to decide
how much load it will forward to the neighbors in question. Here we consider a very natural
diffusion-based approach where every processor tries to balance the load locally. This means
that along each edge, a load of load-difference/(d+ 1) is sent to the vertex with less load. This
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is exactly the approach in the continuous diffusion model where tokens can be split arbitrarily.
This method balances the load perfectly.

In contrast to continuous diffusion, we consider the (arguably more realistic [24]) case of
discrete diffusion where tokens are indivisible. Quantifying by how much the integrality as-
sumption decreases the efficiency of load balancing is an interesting question and has been
posed by many authors (e.g., [12, 15, 19, 22-24]).

In the common edge-oriented view of e.g. [13, 14, 23], for each edge one has to decide between
transferring either [load-difference/(d 4+ 1)] or |load-difference/(d + 1)] tokens (referred to as
rounding up or rounding down). Rounding up results in a load balancing algorithm that
keeps sending tokens back and forth between processors with a small load difference. Another
disadvantage is that the approach can generate “negative loads” for vertices with only a few
tokens. On the other hand, always rounding down cannot balance better than d - diam(G),
where diam(G) denotes the diameter of the underlying graph G. To overcome these problems
we adopt a vertex-oriented view in this paper. We present a randomized diffusion load balancing
algorithm where the vertices (not edges) decide randomly how much they are sending.

1.1. Related Work

Due to the vast amount of literature on load balancing, we consider only previous work
dealing with diffusion load balancing, or randomized algorithms for neighborhood-based load
balancing. We do not consider the dimension exchange model in general, or token distribution
model where only one token can be sent to a neighbor per step.

Continuous Diffusion. The diffusion model was first studied by Cybenko [5] and, inde-
pendently, Boillat [3]. Cybenko [5] (see also [22, 24]) shows a tight connection between the
convergence rate of the diffusion algorithm and the absolute value of the second largest eigen-
value Apax of the diffusion matrix P with P;; = 1/(d + 1) if {¢,j} € E. Subramanian and
Scherson [24] observe similar relations between convergence time and certain properties of the
underlying network like electrical and fluid conductance.

Muthukrishnan et al. [22] refer to the above diffusion model as the first order scheme and
generalize it to the so called second order scheme. Here the load transferred over an edge (i, j)
in step t does not only depend on the load difference of ¢ and j, but also on the amount of
load transferred over the edge in step ¢t — 1. Diekmann et al. [7] extend the idea of [22] and
propose a general framework to analyze the convergence behavior of a wide range of diffusion
type methods.

Discrete Diffusion. In order to approximate the idealized process by a discrete process
with indivisible load, Rabani et al. [23] consider a diffusion algorithm (called RSW algorithm
in the following) which always rounds down the indivisible load on each edge. To quantify
the deviation of the discrete load from the idealized process, they propose a natural measure,
the local divergence W1. The local divergence measures the sum of load differences across all
edges in the network, aggregated over time. They give a general bound on the divergence in
terms of Apax, which denotes the absolute value of the second largest eigenvalue of the diffusion
matrix P. By a more careful analysis, they also get an improved upper bound on ¥, for tori,
resulting in a tight bound on the discrepancy achieved by their algorithm.

Discrete Load Balancing via Random Walks. Elsisser et al. [10-12] proposed an
algorithm based on random walks. They show that after O (log(Kn)/(1 — Amax)) steps, the
maximum load is at most the average load plus a constant [11]. In comparison to our algorithm,
their algorithm is more complicated and different from the usual diffusion framework. For
example, vertices require an estimate of n and have to compute the average load during the
balancing procedure. Moreover, the final stage uses concurrent random walks (representing



tokens) to reduce the maximum load. In this stage, the load transfer along an edge may be
much smaller (or higher) than load-difference/(d + 1).

Discrete Neighborhood Load Balancing with Randomization. In [13] the last two
authors analyze a randomized version of the dimension-exchange algorithm using randomly
generated or deterministic matchings. In their algorithm, the decision to round up or down is
randomized. For detailed results see Table 1. Note that in their case every node exchanges load
with at most one neighbor. This is typically much easier to analyze than diffusion algorithms.

Friedrich et al. [14] analyze a deterministic modification of the standard diffusion algorithm
for hypercubes and constant-dimensional tori. The idea is that each edge keeps tracks of its own
rounding errors. In each step an edge’s decision to round up or down is done such that the sum
of its rounding errors is minimized. Again, the detailed results can be found in Table 1. [14] also
consider a randomized version of the diffusion algorithm. Their approach is edge-based. Edges
decide independently at random whether to round up or down. The probabilities are chosen
such that, in expectation, the behavior of the continuous diffusion algorithm is mimicked. They
present a general upper bound for their approach in terms of A\,.x. Note that both algorithms
in [14] may generate negative load due to the edge-based rounding.

Source of Inspiration. We wish to point out that our work was inspired by recent
combinatorial results regarding so-called rotor-router walks [4, 8]. Unlike in a random walk, in
a rotor-router walk each vertex serves its neighbors in a fixed order. The resulting (completely
deterministic) walk nevertheless closely resembles a random walk in several respects. Similarly,
one can say that in each round of our load-balancing algorithm a vertex chooses a random
order of its neighbors (and itself) and sends around all its tokens in this order in a round-robin
fashion.

1.2. Our Contribution

Algorithm. We consider a vertex-based randomized diffusion algorithm for the discrete
model with indivisible tokens. Let d be the degree of the (regular) network and let X; be
the load of vertex i. Our algorithm works as follows. First, vertex ¢ sends |X;/(d + 1)]
tokens to each neighbor and keeps the same amount of tokens for itself. Then the remaining
X; — (d+4+1)|X;/(d + 1)] tokens (called excess tokens) are randomly distributed (without
replacement) among vertex i and its d neighbors.

Results. To state our results formally, we let 7(G, K) = O(log(Kn)/(1 — Amax)) be the
number of steps after which the continuous process achieves a constant discrepancy for any ini-
tial load distribution with discrepancy K (cf. Fact 2.5, [23]). All our bounds on the discrepancy
are independent of the initial load vector, and hold with high probability (w.h.p.), i.e., with
probability at least 1 — n~ 1),

Theorem 1.1. Let G be an arbitrary d-regular graph and let K be the initial discrepancy. Then
the discrepancy after 7(G, K) = O(log(Kn)/(1 — Amax)) rounds is w.h.p. at most

1. O(Y5(G) Vdlogn),
2. O(d+ /dlog(n) ((T2(G))2 - d)),
3. O(d BEesn).

1_)\max
The role of T2(G) is similar to the local divergence ¥, (G) used in [23] (cf. Definitions 2.7
and 2.8). T2(G) accounts for the more balanced reallocation of the excess tokens due to our
randomized approach and is much smaller than ¥, (G), i.e., To(G) < 1/¥1(G) for any graph
G.
The next theorem provides more specific bounds on the discrepancy. It is derived by first
bounding Y9 (G) and then applying Theorem 1.1.




Graph class FS [13] RSW [23] FGS [14] det. FGS [14] rand. our algorithm
O(¥2(G) Viogn)  O(W1(G)) - - O(T2(G) vdlogn)
d-reg. graph O((Loglosn) - - O (Hoglosr) O(Hloglosr)
o) often) O(dviogn + \/Hexlesd )
d-reg. expander O(dloglogn) O(dlogn) - O(dloglogn) O(dloglogn)
hypercube O(log?n) O(log® n) O(log®/? n) O(log®n loglogn) O(logn)
r-dim. torus O(n'/ ") \/logn) O(n'/™) o(1) O(n*'" loglogn) O(y/Iogn)
Properties FS [13] RSW [23] FGS [14] det. FGS [14] rand. our algorithm
diffusion X 4 v v v
no neg. load v 4 X X v

Table 1: Discrepancy of neighborhood load balancing after 7(G, K) = ©(log(Kn)/1 — Amax) rounds.

Theorem 1.2. The following upper bounds on the discrepancy after (G, K) = O(log(Kn)/(1—
Amax)) rounds hold w.h.p.

O(dvlogn + [ Hesplead ),
d-regular Expander: O(d loglogn),
r-dim. Torus, r = O(1): O(y/logn),
Hypercube: O(logn).

- =

Let us compare our results to the RSW algorithm [23] as it is also very natural, considers
diffusion and avoids negative loads. More comparisons can be found in Table 1. For d-regular
expanders, [23] proves a discrepancy bound of O(dlogn) after 7(G, K) rounds. This is almost
tight, as d - diam(G) is a simple lower bound for the RSW algorithm. Hence for small d, we
obtain an exponential improvement in terms of the discrepancy.

For the r-dimensional Torus graph, [23, Theorem 8] proved a bound of O(n'/") on the
discrepancy after 7(G, K) rounds. This is tight due to the lower bound of diam(G). Again, our
new result represents an exponential improvement.

For the hypercube with n vertices, [23, Theorem 4] implies a discrepancy bound of O (log® n)
after 7(G, K) rounds. The techniques used to analyze our new algorithm can be also used to
prove a tight bound of @(log2 n) on the discrepancy for the RSW algorithm. For our new
algorithm, we obtain a smaller bound of O(logn) on the discrepancy.

Techniques. The key ingredient of the analyses in [13, 14, 23] is “an appropriate edge-
oriented view of the rounding errors in each balancing step, which allows them to be handled
independently” (as stated by Rabani et al. [23]). The problem with vertex-oriented algorithms
are the dependencies between the rounding results for edges incident to the same vertex. To deal
with these dependencies we use a different analysis compared to [13, 14], based on martingale
tail estimates. The other main technical contribution is the use of the new parameter To(G)
(Definition 2.8) as opposed to the local divergence ¥;(G) as used in [23].

2. Algorithms and Notation

We use standard graph-theoretical notation. We only consider graphs G = (V, E) that are
connected, undirected, d-regular and simple. The n vertices of G are given by [n] := {1,2,...n}.
The neighborhood of a vertex i is denoted by N(i). For a pair of vertices i,j € V(G), let
dist(z, j) be the length of a shortest path between i and j, and diam(G) be the diameter of G.
[i : j] refers to an edge {i,j} € F with ¢ < j. This notation will be useful to have a unique



representative for each edge {i,j} € E. Every vertex in the graph has a certain amount of load
items (tokens). We assume that the load is indivisible and each token is of unit-size.

We denote by P the transition matriz, i.e., P; ; = m if {i,jle Fori=j,and P, ; =0
otherwise. We will often use P! which means that we raise the matrix P to the power of ¢.
Note that Pt can be also seen as the probability for a random walk being located at vertex j
at step t, when having started from vertex .

For the estimation of the convergence of our processes, the absolute value of the second
largest eigenvalues of P plays a crucial role. Let us denote the eigenvalues of P by 1 = \; >
A2 > A3 > ... >\, > —1 and define Apax := max{ g, |As|}.

Lemma 2.1. For any d-reqular graph G, 1/(1 — Amax(G)) < n3.

Proof. Letd=p1 > o > -+ > py, bethen eigenvalues of the adjacency matrix of the d- regular
graph G As shown in [18 Problem 11.29], d — po > m Hence, Ay = p2/(d+1) < d+1
m < 1-— =5. Moreover, it is proved in [1, Theorem 1.1] that p, > —d+ m

and therefore \,, > — d+1 + m >—1+-3 O
We also need the following elementary inequalities.

Lemma 2.2. The following two inequalities hold.
1. For any integer m and any non-negative numbers x1,xz2,..., T, € RT, (z1 + 22+ ... +

)" <™l (2P 2 4 ).
2. Moreover, for any three numbers x,y,z € R, (x —y)2 <2((x — 2)% + (y — 2)?).

Proof. For the first statement, recall that = +— x™ is a convex function for non-negative x.
Hence,

n

<x1+x2+...+xn)m<a:{”%—a:g”—l—...—l—le
— n .

Rearranging yields the first claim. For the second statement, we apply the first statement to
obtain (z —y)2=(z—2+2z-y)? <2 ((z—2)*+ (y — 2)?). O

2.1. Our Discrete Process

Our balancing procedure proceeds in rounds 1,2, .... Fix a vertex i at some step and let X;
be the current load of this vertex. Then, i sends | X;/(d + 1)] tokens to each of its neighbors
and keeps | X;/(d + 1)| tokens for itself. The remaining X; — (d + 1)| X;/(d + 1)] € [0,d]
excess-tokens are distributed randomly (without replacement) among i and its d neighbors.

To describe our processes more formally, we first present our notation that is based on [23].
For any round ¢, let X® be the n-dimensional load-vector at (the end of) step ¢ (load vectors
are always regarded as column-vectors here). The discrepancy of the load vector X (*) at step t

is defined as max; jc[n) ’X(t) X(t)l

For each edge {i,j} € E we define a random variable Z -) which is one if 7 sends an excess
token to j at step ¢, and Z; (¢ ? is zero otherwise. Srrmlarly, let Z; (¢ ) be one if 7 keeps an excess
token for itself, and zero otherwrse. Note that each Zi(,j) with j € N(i) U {i} is a Bernoulli

random variable with (t—1) (t—1)
X\ X
Pr(zl,=1="—— |~ ~
J d+1 d+1




Additionally, the number of excess tokens sent out by i satisfies
B X-(t_l)
zZ0+ S Zz0=x"Y @ | S| (2.1)
= d+1
VERENAISID

Note that Z; ; and Z; ; are independent for i # j. Now we can describe the discrete process as
follows,

(t=1) x=n
o _ | X (t) J (®)
X! _{CHlJJrZMJr > ({MJJFZN.). (2.2)

ji{ij}eE

2.2. The Continuous Process

We also look at the corresponding continuous process, where the load is arbitrarily divisible.
The load vector of this process is denoted by £ in round ¢. To analyze X, we shall bound
its deviation from £® and use the fact that the evolution of £®) in ¢ is well-understood by
Markov chain theory. The reason is that £€®) is given by the recurrence £€®) = (=1 P which
results in £ = £(O) P*. Alternatively, we can write this as

glt=1) _ (=)

(t) _ (t=1) J
j: {i,j}€E

(2.3)

We define the average load as £ := S fi(o) /n. We will use the following result that bounds
the load difference of the vertices to the average load in step ¢ for the continuous process.

Lemma 2.3 ([22, Lem. 1]). Let G = (V, E) be an arbitrary connected graph. Then for any
initial vector £©) and time step t >0, 31", (f(t) - E)2 <AL S (fi(o) — 5)2

i
We will use the following immediate consequence of this lemma.

Corollary 2.4. Let G = (V, E) be any graph. Then for any time step t > 0 and any vertex
eV, Sy (P, —3) <A

max -’

Proof. Let £ be the unit-vector with 1 at entry k and 0 otherwise. Observe that £ = 1/n and
52@ =i 5](_0)P§,71, = P}, = P} . Hence applying Lemma 2.3 leads to

n

Z P! 2! 2<>\2t i 5(0)*3 Q:A% 17l < \% O
i,k n = “‘max i n max n) — max”

i=1 i=1
The following well-known result bounds the discrepancy of €.

Fact 2.5 ([23, Thm. 1]). Let G be any graph with n vertices. For the continuous process, the
discrepancy is reduced to € > 0 after % In (KTM) steps, where K is the discrepancy of the

. .. >\xnax
initial load vector.

By 7(G, K) we denote the number of steps required for the continuous process to achieve a
discrepancy of 1 for any initial load vector with discrepancy K. Fact 2.5 implies that 7(G, K) =
o ( log(Kn) ) )

1 7>\xnax



2.3. Difference between Continuous Process and Discrete Process

To obtain results for the discrete process, we upper bound the deviation between the discrete
and continuous process at a step t when initialized with the same load vector. The step t is
chosen just large enough to ensure that continuous process has achieved a discrepancy of at
most 1 for every load vector with initial discrepancy K (cf. Fact 2.5). Hence, the discrepancy
of the discrete process is upper bounded by the deviation between the discrete and continuous
process (plus 1).

Similar to [13, 14, 23], we first express the difference between the discrete and idealized
process by a sum of weighted rounding errors (Equation 3.1). In this sum, the rounding errors
are weighted by powers of the transition probabilities. In contrast to [13, 14, 23], the rounding
errors (of the same time step) are not independent for all edges. This is due to our vertex-based
approach and complicates the analysis.

To find a recursion for the discrete process, similar to Equation 2.3 for the continuous
process, plug Equation 2.1 into Equation 2.2 to obtain

(t-1)
o _ | X (t) (t-1)
X, ﬂmJ( > Zw)”i

e {i,j}EE
x D x (=1
— 1) | 2 J z®
arn|Tr] e X ([T
j: {i,j}EE
(t-1) X X\ ® )
—xt Ve ¥ <{;+1J__{J+1J-+ZM-—4J>. (2.4)

VE {i,j}EE

Comparing Equation 2.4 to 2.3 motivates the definition of a random variable Agtj) for the
rounding error made by the vertex ¢ on the edge from i to j at step ¢:

(t—1) t—1 (t—1) t—1
A . X n XY + X; _ XY + 2 _ 70 (2.5)
b d+1 d+1 d+1 d+1 J5t b
This allows us to write
D _ x(t-1)
X Z x(D N XA, 26
: o Z d+1 T2 (26)

J:{i.jreE
Now we state some basic properties of the rounding errors.

Lemma 2.6. Let G = (V, E) be an arbitrary connected graph.

1. For every {i,j} € E and time step t, Agtj) = —A;Z), |A£tj)| <2 and E [AE?] =0.

2. Consider two vertez-disjoint edges {i,j} € E and {k,l} € E and assume that X1 is
fixed. Then Agt; and A,(i)e are independent.

Proof. (1): The antisymmetry of A follows directly by the definition. The absolute value of A
can be bounded as follows:
(t—1) (t—1) (t-1) (t—1)
| X _{XZ- J_(Xj _{Xj J ‘+‘Z(t)_2(t)
Jri 0.

‘A(t)

4,3

<141=2
d+1 d+1 d+1 A+ 1 =i+

€lo,1) €[0,1)

€[—-1,1]



Finally, linearity of expectations and the definition of ZZ(? and Z J(tl) gives

XD =1 x (=1 x D
E[A(t):|:— J 4 7 \‘ J J_\‘ 7 J

inj d+1 T d+1 |1 d+1

(t—1) (t—1) t—1 t—1
CRNERIE SN S

Tt d+1 dt1 a1

(2): Recall that by assumption, the load vector X*~1) is fixed. By definition of Agtj) in
Equation 2.5, Agtj) depends only on the random variables Zz(tj) and ZJ(? In addition, Equa-

tion 2.1 describes a relation between Zf? and all other Zz'(,te) with {7, ¢} € E (and the same holds

for Z](.t-) as well). Hence A(’tj)- depends on

K i

t
58

ASNAY)

4,50 75,80

all Z\") with {i,s} € E, and all Z\) with {j, s} € E.

Similarly, A,(:)e depends on

2,2}, all ") with {k,s} € E, and all Z}') with {£,s} € E.

Hence if the edges {i,j} € E and {k,{} € E are vertex-disjoint, the set of random variables in
the two sets above are disjoint. Hence, Agtj) and Ag’)z are independent. O

We now continue by returning to Equation 2.6. For any vertex ¢ € V and step ¢, let
D) {ijrer Agt; With this notation we have,

us define an error vector A® with Agt) :
X® = xt=Dp 1 A®),
Solving this recursion (see [23]) and setting £(©) = X(©) results in

t—1 t—1
x® = xOpt Z Alt=sIps = ¢®) 4 ZA(t_S)PS,
s=0 5=0

where PY is the n x n-identity matrix. Hence, for any vertex k € V

t—1 n t—1 n
t t t—s)1s . s
TN ) SETEITNE 3 D SRR

s=0 =1 s=0i=1j: {i,j}€B

t—1 -
t—s s s

=Y > ALY (PP, (2.7)
5=0 [i:j]€E
where the last equality uses Af.fj‘s) = —Aﬁt; *) shown in Lemma 2.6 (1).

2.4. Definition of Local Divergence and Refined Local Divergence
Equation 2.7 and |A£f{s)| < 2 suggests to consider Y'_} 2 lijler ’Pfk — Pik‘, which is a
parameter that only depends on the graph G, but not on the behavior of the load balancing

algorithm. We first adjust a definition from [13] that generalizes the original definition of local
divergence from [23] for p = 1.



Definition 2.7 ([13, 23]). For any p € N5, the local p-divergence of a graph G = (V, E) is

1/p
(G ﬂ,@(Z > [P Pégk\”)

t=0 [i:j]eE

Note that W5 (G)? < ¥4 (G), since |P! —Pg-’k’ < 1 for all ¢,4, k. As pointed out in [23], “U;(G)
is a natural quantity that measures the sum of load differences across all edges in the network,
aggregated over time (and suitably normalized) which may be of independent interest”. Here,

we will mainly consider a natural extension of ¥;(G) to the f2-norm, Uy(G) and its sibling
T2 (G) which is defined below.

Definition 2.8. For any p € Nxg, the refined local p-divergence of a graph G = (V, E) is

1/p
16) = s (5 3 me PPl )

=0 =1

Note that T,(G) < ¥,(G), since for each {i,j} € E(G) the term |P§7,C - P}, P appears once
in ¥,(G) and at most twice in T, (G) (this also explains why we include the factor of 1/2 in
the definition of T, (G)).

The analysis of our algorithm will be based on Y3(G). The following lemma shows that
only early time steps can have a significant contribution to To(G).

Lemma 2.9. Let G = (V, E) be any graph and define k := (41nn)/(1 — Amax). Then for an
arbitrary vertex k € V,

Z > (PLy ) = 0(1).

t=k [i:j]€E
Proof. Using Lemma 2.2, we get

> > wortsr 8 5 (P ) (re )

t=r [ij]€ B t=r [i1j]€ B

:Qd,iz <P§7ki>2

t=k 1€V
< 2d- Z A2

where the last inequality is due to Corollary 2.4. Using the fact that z'/(0=%) < 1/e for z € [0,1)
and the inequality 1 — Apax < 773 (Lemma 2.1), we can bound this term as follows,

A2 e
_ max < . < . — .
2d - E N = . D2 = 2d . <2d 3 o) O

)\(8 Inn)/(1=Amax) —8Inn
max

3. Proof of Theorem 1.1

We now bound the discrepancy of our discrete process in terms of the local divergence To(G).
We do this by upper bounding the deviation between the discrete and the continuous process. A



similar approach was used in Rabani et al. [23] who bounded this deviation in terms of ¥y (G).
They showed that reducing the initial discrepancy from K to O(¥,(G)) can be achieved within
O(log(Kn)/(1—Amax)) steps for any initial load vector. However, it turns out that our random-
ized process can be bounded in terms of T5(G). Note that T2(G) is in general much smaller
than T1(G) (or ¥1(Q)) (cf. the remarks after Definition 2.7). We will use the following con-
centration inequality for martingales, which is commonly known as the “the method of average
bounded differences”.

Theorem 3.1 ([9, p. 83]). Let Y1,...,Y, be an arbitrary set of random variables and let f be
a function of these random wvariables satisfying the property that for each £ € [n], there is a
non-negative cg such that

|E[f | Yo, Yin,.... Y] —E[f | Yir,..., V1] | < cr.
Then for any 6 > 0,
52
Pr[IfE[f]|>6]gzexp(%),
where c:=>",_, .

Proof of Theorem 1.1.
Proof of the first statement. Let us now fix a vertex k € V and a time step ¢. Recall from
Equation 2.7 that

t
t t) t—s s s —s —S
X0 el = Z 3 A( ) ( P = N AZ(J? (P‘;k -P ) . (3.1)
s=0 [i:5]eE s=1[i:j]€E
Consider the random variable X,gt) — ,(ct). By Lemma 2.6, E [X,it) — ,(:)] = 0. Our goal is to
apply the martingale tail estimate from Theorem 3.1 to f; := X ,gt) — ,Ef). We first rewrite fy,

fr= Z S Al (P - P
s=1[ij]e B
(_H) x D x (-1 x D
—ZZ - +0 | B L7070
d+1 d+1 d+1 d+1 7t J
s=1[ijleE
(P —PiY),

where the last equality follows by the definition of A(S

We observe that for a fixed load vector X(©) the functlon fx depends only on the randomly
chosen destinations of the excess tokens. There are t time steps, n nodes, and at most d excess
tokens per node per time step. We describe these random choices by a sequence of ¢t -n - d
random variables, Y1,Ys, ..., Y4 For any ¢ with 1 < ¢ < tnd, let (s,i,r) € [t] x [n] x [d]
be such that £ = (s — 1)nd + (i — 1) d + r (note that (s,i,r) is the ¢-th largest element in an
increasing lexicographic ordering of [t] X [n] X [d]). Then Y refers to the destination of the r-th
excess token of vertex i at step s (if there is one). More precisely,

X(S*”J the r-th excess token of ver-

.. (s—1)
< ) — it
jofrsX (d+1) { d+1 tex i at step s is sent to 7,

Yy =
0 otherwise.

10



Note that Yy € N(4) U {i}. In order to apply Theorem 3.1, we have to upper bound
’E [fk | YZ>Y£—17-~~aY1] -E [fk | n—la"'ayl]|' (32)

Consider a fixed ¢ that corresponds to (s1,41,71) in the lexicographic ordering.
To bound Equation 3.2, we use Equation 3.1 to get

\E[fk | Yo, Yoo, ... 1] = E[fe | Yeo1,...,Y1]|

<Z STEAY | Ve Yeor,... ] —E[AY | Yo, ]| - [P - P
s=1[i:jleE

In the remainder of the proof we now split the sum over s into the three parts 1 < s < sq,
s = s1, and s1 < s < t. We prove that the parts s < s; and s > s; both equal zero while the
part s = s is upper bounded by 2 - max;cn () P“_zl Pt P |

s <sSjp:

For every {i,j} € E, AE? is already determined by Y;_1,...,Y;. Hence,

S1— 1
s=1 [i:j] EE

s = s1: This is the most involved case due to the dependencies among {A(s) {i,j} € E}.

> |B[AL Yo Yo, Y] ~B[AD | Yio, W] [P - P

li:j]€E
x (=1 (s—1) (s=1) (s—1)
\ X! X X,
< B i J _ |2 Z(s,)—Z,(S,)’Y Yooq,....Y1|—
[IJZGE |: d+1+d+1+{d+1J {d+1J+ Gy ©,J £ 4 e—1, sy 41
X(s 1) X.(t_l) X(.sfl) X(s—l)
4 i J A z® _ 7y, | v
|: d+1+d+1+{d+1J {d+1J+]7z ,J {—1, s L1
~|P§7: ey
= ‘E Z(S Z(f]) | nan—laa}/l]_E[Z](i)_Zz(j) ‘ n_17’yl]"Pf;€S_P§a_]95’
[i:j]€E

(3.4)

<y <’E[Z§Z) | Yo, Yeon,....Y1] ~E[Z5) | Yiu,. ..,Yl}’~}P;—,ij§j,j|+
[ij]€E

B2 | YiYir. . Y] -E[2]) | vie 1,~~-7Y1J\-|P§,15—P§-,£|>

CY Y AR P < 3 (e PP S AL @3)
i€V JEN(i) jev SIENG) JEN(i)

where we used A( =E [ Z(SJ) | Yo,Yooq,. .., Yl} —-E {ZZ(S]) | Yoo1,..., Yl} to simplify the nota-
tion. Eqn. 3.4 follows as Yy_1,...,Y; determine the load vector X *~1. To bound Equation 3.5
we consider ZjeN(i) |A£sj)| for i =41 and i # iy separately.

11



Case 1: Let ¢ = i1. Assume first Y, = 0. This means that node 7; has less than r; extra tokens
at step t1. Hence |As ‘ =0.

Now we assume that Y, # 0. This means that node i; has at least r; extra tokens at step
t1. Let b > r1 be the number of extra tokens of i; at step s;. Clearly, b and the destinations of
the extra tokens considered in the previous rounds, Yy, 4+1,...,Ye_1, are already determined
by Ye-1,...,Y1 (note that if 1 = 1 then this set is empty). The remaining Y;11,..., Yoip—r,
are chosen uniformly at random among (N (i1) U {i1}) \ {Ye—r,1,..., Yo} = N (iy) without
replacement. Let w € N(zl) be the destination of the ri-th excess token of i1 at step s, that is,
Y, = w and consequently, Z\*)) = 1. Clearly, 0 < A(sl) <1, and for all j € N(i)\{w}, A (1)

11,W i1,]

0. For the vertices j € {}/(,T1+17 R 1} A 1-) =0, as Yy_1,...,Y7 already determined that
Z*1) = 1. Linearity of expectations yields

11,
> AL

JEN (i1)U{ir}
> 7y
JEN(i1)U{i1}

:E —E :O.

> 4

JEN(i1)U{ir}

YZ,YZ 1a"'7Y1

Ye—17~~-,Y1

The last equality holds since
Hence,

JEN(iDU{i) Zi(ilj) = b and b is determined by Y;_q,...,Y7.

Z | Ef,lj) | - Z Agfj]) Z Afff}

JEN(i1)U{i1} JEN (31)U{i1}: JEN(i1)U{i1}:
AP >0 AP <0
=2 3 A =2l <2 (3.6)
JEN(i1)U{i1}:
Al>0

1,7

Case 2: i # i1. As /£ corresponds to (s1,41,71), the random variable Zi(;l) is independent of

Yy, which is the choice of the r{-th excess token of vertex iy at step s;. Hence
Z |A(gl | Z ’E [Zi(,sj) | Y, Yooq,... ’Yl} -E [Zi(,sj) | Yio1,... ’Yl} ‘ =0.
JEN(i) JEN (i)
Combining Case 1 and Case 2 we obtain

5= (s P-P) S0 AL S (e [Pl - PG]) S Al

JEN(i1) i€V ii1 JEN (i)
< max |[P{E - PLS[-240. (3.7)

s >sy: Let ¢ be the largest integer such that Y7 corresponds to time step s — 1. Since s > sq,
we have s —1 > s; and therefore £ > £. By the choice of ¢, Y7, ...,Y; determine the load vector

at the end of step s;, X(*1). By Lemma 2.6, we obtain E [ | .. ] = 0, and by the
chain rule of expectations,

[A()|Yv€;YP€ 1,- '-ayl]: |: [A(S)| "3Y1]|na)/€—1a"'a}/1:|

12



=E[0| Yy, Y 1,....Y1] = 0.

With the same arguments, E [AESJ) | Yo_1,... ,Yl] = 0, and therefore

t
S N B[S Ve Yoy, ] —E[AY | Ve, W] [P - P =00 (3.8)
s=s1+1 [i:j]€R

This finishes the case distinction. Combining Equations 3.3, 3.7 and 3.8 for the three cases
s < s1, § = s1, and § > s1, we obtain that for every fixed 1 < ¢ < tnd,

|E[fk ‘ Y'fanfla"'ﬁyl] _E[fk ‘ Yv[*la"';Yl]‘

t
<3SN E[AY | Yo Yoo, i) ~E[AY) | Yooy, ]| - [P - P

s=1[i:;j]eE
=0+ max [Pit —Pjo|-240=2 max [P P =:cr
To apply Theorem 3.1, we consider Z@idl(ce)Q
tnd ) t n d s s t—1 n )
;w = ;;m 2 max [P° P ) =4d S:O;]g\%) (P7 = Pj)
< 4d max 2::0 1 max (Ps, — P;,k)"’) =8d (T5(G))>. (3.9)

By Theorem 3.1, we have for any § > 0, Pr[|fi| > 0] < 2 exp ( — 62/(2 ZZ‘%(C@)%). Hence
by choosing § := Y5(G)V32d Inn, the probability above gets smaller than 2n~2. Apply-
ing the union bound we obtain Pr[vk € V: |fx] > 6] < n2n~2 = 2n~!. By Equation 3.1,

MaXpe[n] X,gt) < |§](:)|+ |fx|- For t := 7(G, K), we obtain |§,(€t) —£&| <1 for every vertex k. Hence
max; jc(n] |Xi(t) — Xj(-t)‘ < 2|fx] + 2. This implies Pr [maxi’je[n] ’XZ-(t) — Xj(-t)| < 20 + 2} >

1 —2n7"t, as needed.
Proof of the second statement. Fix a vertex k € V. Recall from Equation 3.1 that

t

X0 e =3 3 Al (Pl i) (8.10)

s=1li;j]eE

We split the right hand side of Equation 3.10 at step ¢ — 1 to obtain

t—1
>0 A (P P+ XD Al (Pl P

s=1[i;jle B li:j]l€E

=:fk =:hy

We can bound hj, using the triangle inequality as follows,

el < > ’AE? P —POil <20 Y [P —PY] =24,
[i:j]€E [izj]€E

13



since |A )| <2and Y P i+ = 1. To bound fg, we use the same approach as in the proof of

the first statement. Also here, we use the same definition of variables Yy with 1 < ¢ < (t—1)nd.
In order to apply Theorem 3.1, we have to estimate the differences ¢y, 1 < £ < (t —1)nd. As in
Equation 3.9 we obtain

(t—1)nd t—1 n 9
t—s t—s
E (ce) 2<4d E max P - Pt .
JEN z) i,k 7,k )
/=1 s=11i=1

2
Since Y ;' max;en (i) (P?),C - P?)k> = 2d, we obtain that
t—1 n )
44 Y max (PLy —Piy)” <8d-((T2(6)) - d)

N (i
s=1i= 1J6

By Theorem 3.1, we obtain that

Pr(|fs] > 0] < 2 exp < - 52/(16d- ((T2(@))? = d))).

Hence by choosing & := /32log(n)d ((T2(G))? — d) we get Pr[|fi| > §] < 2n~2. Hence,

Pr [|X,§” 9] > 2d+5} < Pr[|hy| > 2d] + Pr [|fk\ > /32log(n) d ((T2(G))? — d)} < on2,

Taking the union bound over all vertices k yields,

Pr [wf eV |x{ — eV < 2d+ /3210g(n) d (T2(G))? — d)} <n2n?=2n"'.  (3.11)

Now choosing ¢ := 7(G, K), we obtain the second statement by using exactly the same argu-
ments as in the proof of the first statement.

Proof of the third statement. The third statement is shown by a similar approach. Again,
fix a vertex k € V and a time step t. Now we split the right hand side of Equation 3.10 at step
t — 9, where ¢ := (4Inlnn)/(1 — Apax)-

S Y Al (P - p)

s=1[i:jleE
Y Y (Pl - Pl + > Y Al (Pl - Pi).
s=1[i:jleE s=t—0+1[i:j]€eE

=:fk =:hg

We first bound the last part directly by applying the triangle inequality as follows.

t
LR DD DN Svalss Sl

s=t—9+1 [i:j]€E

<20 ) (PP +Phe) <204,
li:j]€E
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where the first inequality holds since |A£SJ)| < 2 and where the last inequality holds since
o P =1 for every k.

To bound fj, we use the same approach as in the proof of the first (and second) statement.
Also here, we use the same definition of random variables Y, with 1 < ¢ < (¢t — ¥)nd. In
order to apply Theorem 3.1, we have to estimate the differences ¢y, 1 < ¢ < (t — ¥)nd. As in
Equation 3.9 we obtain

(t=9)nd t—9
2 t—s t—s)2
52:31 (ce)” <8d 2 ;jfggé) (Pz,k — ik )

By Theorem 3.1, we obtain that

t—
Pr|fi| > 0] g2exp<—52/(16d

s=11i=

Hence by choosing § := \/32 log(n)d Z ZZ 1 MaXje (i) (P Pt ) we get
Pr[|fx| > 8] < 2n~2. Hence,

Pr [|X,§f> — & > 20d + 5} < Pr|h| > 20d] + Pr|fi| > 6] <0+2n2 =22,
Taking the union bound over all vertices k yields,
Pr vk e Vi |X{" -] <20d+06] <n2n? =201, (3.12)

In order to complete the proof, it remains to prove that 29d+d = O((d loglogn)/(1—Amax))-
To upper bound §, we first consider

t—9 n o
s=1i=1 Jrenﬁé) (Pi;s - P;’ks ;9 ;]?]\%Ei) " ;,k)Q
1)’ . 1)’
<2§;Jg§?§ (( —n> +<P‘7‘7k_n> )
>y Sy 1 2
53 (rmh) 2 (73)
S t—1 n )
§222<f—) +szd< )
s=19 i=1 ==
2d+2 ZAI‘H&)U

s=19

where the first inequality uses Lemma 2.2 and the last inequality follows from Corollary 2.4.
The last term can be now bounded as follows,

- 2( 41nlnn ) _ _

A 1—Xmax e 8Inlnn (log TL) 8
9 4+ 9 2s 2d+92) 23 < (2d+2)— = (2d+2) 2
( + ) Z Amh"x - ( + ) 1 - ()\max)z - ( + ) 1 - )\max ( + ) 1 - Amax’

s=1v
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where the second last inequality uses the fact that x'/(1=*) < 1/e for z € [0,1). We can now
use this bound to get a more explicit expression for the bound in Equation 3.12,

4dInl logn)~3
Pr |VkeV: |X,§t>—g,<j>|gm+\/3210g(n)d-(d+2)(1(f‘;‘) < oL,

We choose t = 7(G, K) to get |§,(Ct) — €| <1 for every vertex k. As in the proof of the first
statement, this yields

Pr ma[x]’X ](-t)’ §2(19d+5)+2} >1—4n~ !
i,JEN

This completes the proof. O

4. Proof of Theorem 1.2

This section contains 3 subsections in which we derive three upper bounds on the local
divergence. The first bound holds for general graphs, the second for tori and the third for
hypercubes. In detail, we show the following.

1. For any graph G, Y2(G) = O ( d+ 1 logd ) (Theorem 4.1).

2. For the r-dimensional torus graph G Wlth r = 0(1), T2(G) < ¥2(G) = O(1) (Theo-
rem 4.2).
3. For the hypercube G with n vertices (Theorem 4.14)

logQ(n) 1 logyn

oy = s VR ) g,

p=0 f=p+1

Theorem 1.2 follows from these results. Theorem 1.2 (1) follows from Theorem 1.1 (1)
and Theorem 4.1. Theorem 1.2 (2) follows from Theorem 1.1 (3). Theorem 1.2 (3) follows
from Theorem 1.1 (1) and Theorem 4.2. Theorem 1.2 (4) follows from Theorem 1.1 (2) and
Theorem 4.11.

4.1. General Graphs
Theorem 4.1. For any graph G, To(G) = O ( d+ 1 logd ) )

Amax

Proof. For simplicity, we consider (U5(G))2. Let k € V be an arbitrary but fixed vertex. For
some integer value 7 to be specified later, we split the time into three parts, t =0,1 <t <7-1
and t > T:

S S (B P Y (YR,

t=0 i=1 [i:j]€E i=1[ij]eE
T—1 n o n
2 2
> (Pl =Pl + > Pia)
t=1 i=1 [i:j|€E t=7 =1 [i:j]€E

16



We start with the first term. Since (ng — P?7k)2 < 1, we conclude that

o> (Pl Z Z -P%,| <d,
i=1 [i:j]€eE

i=1 [i:j]eE

since each row sum of P is 1. Let us now consider the second term. We observe that for any
two vertices 7, s and any time step ¢ > 1, Pf‘,s < 1/(d+1). This allows us to bound the second
term as follows,

1 n

> 2 (Pl-

1i=1 [i:j]eE

T

Z > (P + (PL)’)

1 [ijleE

HMI

t

i=
T—1

=d z": (Pﬁ,k)Q

> ¥ (Lo ey ¥ (R ) s (- 1))

t=7 [i:j]eE t=7 [i:j]eE

t=T1 i=1

> 2t (AmaX)QT (Amax)‘r
<d ;Amax <A S 1

where we have used Corollary 2.4 in the second last inequality. Choosing 7 := 1_1§,‘LX and
recalling that z'/(1=%) < 1/e for any x € [0, 1) yields the following bound,
(T2(G))* <d+ md g Amax) s
2 o 1- /\max 1- )\max
Ind 1 logd

< = _— .

_d+1*>\max+1*Amax O<d+1)\max>
Taking the square root yields To(G) = O ( d+ log,ix)' -

4.2. Torus

Since for r-dimensional tori 1/(1 — Amax) = O(n?/") and for hypercubes 1/(1 — A\pax) =
O(logn), the following theorems represent improvements over the bound in Theorem 4.1 for
these specific networks.

Theorem 4.2. For the r-dimensional torus graph with r = O(1), To(G) < U5(G) = O(1).

The proof of this result is rather long and technical. Hence, we further divide this subsection.
In Section 4.2.1 we record some elementary inequalities. In Section 4.2.2 we relate the random
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walk on the (finite) r-dimensional Torus graph to a random walk on the set Z”. For the latter,
we can apply a local central limit theorem [17] which approximates transition probabilities by
a multivariate normal distribution. In Section 4.2.3 we present the proof of Theorem 4.2.

4.2.1. Technical Inequalities

The r-dimensional torus graph is defined as follows, where we assume for simplicity that
{/n — 1 is an even integer . The set of vertices is V = {—(/n —1)/2,...,0,...,(/n—1)/2}"
and the set of edges are between vertices that differ exactly in one coordinate by one (hereby,
we identify —(/n—1)/2 =1 with (v/n —1)/2 and (/n—1)/2+ 1 with —({/n—1)/2). As ris
a fixed constant, we will assume that n is large enough such that n'/"/2 > 2.

Before we prove Theorem 4.2, we present some technical tools.

First we recall a higher dimensional version of the well-known bound 377, k=149 = O(1)
for € > 0 that is also mentioned in [14].

Lemma 4.3. For any constant r € N and any constant € > 0,

ST kI =0,

k€L,
where Z,o = 2"\ {0"}.

Proof. By Lemma 2.2, k¥ + -+ + k2 > L (|ky| 4+ - - - + |k,|)? which implies

Z |‘k||;(r+e) = Z (k%+-..+k$)—(r+e)/2 <r f: Z (o)

kezr, kezr,, z=1 keZ"
klli==
o0 o0
=r Z(Qx + 1) gt < pyrt Zx_(1+€) = O(1). O
=1 =1

The following inequalities are simple consequences of the triangle inequality for norms.

Lemma 4.4. Leti € Z" and v be a vector with £1 at one position and zeros elsewhere. Then

L Jall3 = |Ji + vll3 < 22 +1.
2. ||+ ollz = lléllz < 2|éll2 + 1.
3. For anyp € Zl,, and i € Z" with ||i[|1 < rent/7/2, li+p-nt/T|s < (r/24+ 1) |p-nt/72.

4. For any p € Z, and i € Z" with [|if s < n 72, i+ pnt/Ty > = ||pn1/7"||2.

Proof. The first statement is obvious if ||i]|2 < || +v||2. Hence we assume that ||i]|2 > ||i +v]|2.
Using this and the triangle inequality of the ¢3-norm, we get

13113 — i + 0I5 < (li + vll2 + [[oll2)* = i+ 0ll3 = 2 i +vll2 + 1 < 2ifla + 1.
The second statement can be shown similarly. Using the triangle inequality, we obtain that
i+ 013 = 11813 < (lill2 + 0ll2)* = 1813 = 21Jill2 + 1.
To see the third statement, note that
i +p-n""ll2 < lillz + Ip-n""ll2 < il + p-n'/7l2

<r-n'7 24 p-ntTlz < ontT 2 lplle + lp -T2 = (r/2 1) - o072
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Finally, for the fourth statement, we have

1/r
pn
2 27 ”pnl/rH%

li+pn/ms > lli+pn'/ e > H

where the inequality in the middle holds as all coordinates of ¢ are bounded in absolute value
by n'/7 /2, while ||p - n'/" | > n'/", as p # 0. O

Lemma 4.5. For any constant r € N and any £ > 0,

Zexp (—) xt < C Lt

where C' > 0 is a constant that can depend on r but not on €.

Proof. Consider first the case £ > 1. Define o := min{z € Np: Vy > z: exp(—y?/2) <
(y+ 1)~ } As « is a constant only depending on r, we have

gleXp (jj) ZZGXP< Mﬂj) ) (zl+p)

=0 p=1
[e%) 2 ¢

<3 exp < =) ) S (@ +1)0)"
=0 p=1

= Z exp (—2%) £(z+1)" "

=0
a—1 00
=Y _exp(=2®) (z+ 1)+ Y Texp (—a?) (x+1)7 0
z=0 =
<a-1-(a)" 04 Z exp (—z?/2) £
= o+,

The second case is 0 < £ < 1. Here, we define 8 := min {x € N: Vy > x: exp(—y?/2) < y"“},
which is again a constant only depending on r. Note that § > 1. Then,

00 22 B-1 22 0o 22
;eXp <_£2) x’ = ;eXp <_£2> -z +m:z%exp (—p> x
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It remains to upper bound exp ( — 1/ 452 )
1:V0 <y <a: —1/(49%) < (r + )} Observe that ~ is a constant only depending
on r. This implies for £ > ~ that exp( /( O(1). On the other hand, for £ < v we

%) =
get exp (— 1/(46?)) < exp ( — = ("+1 by definition of «, which completes the
proof. [

O(¢1). For this, let v := max {0 < z <

We continue with another simple analytic lemma.

Lemma 4.6. Let k € Z" and v be a a vector with +1 at one position and zeros elsewhere.
Then if |[k|l2 < [[k +vlla or [[klle > n'/"/2,

2 2 2
o (85 e (5 ) 22

Proof. We first consider the case ||k||2 < ||k + v||2. There,

‘exp (—T”k”%) — exp <_TM>‘
t t
2 2 2
_ ‘exp <_r flb) . (1 e (_THk;rvHQ . r||f;|2)> ’

Let us consider the second factor (which is positive by assumption). Using the second statement
of Lemma 4.4, we obtain that

3 2 2|klly + 1 2|klly + 1
1_exp(_r||k+v||2+7“||k|2> <1—exp<—r( 2 + )) ST( Ell2 + 1)

t t t t ’

where the last inequality follows from exp(—z) > 1 — z.
The second case to consider is ||k||z > ||k + v||2 and ||k||o > n!/7/2. Then

k|2 k 2
oy (TR g (Tl
_ ‘exp (_r||k+v||%> - (_rnm%)‘

t t
2 2 2
o (_rnktﬂnz) | (1 . (_rnan . r||kjv||2>>’_

Using the first statement of Lemma 4.4, we obtain for the second factor that

2 2
|~ exp (rllk2 N r|k+v|2> <1 <r(2l|k|2 + 1)> < TCUkE + 1)

t t t t
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Moreover,

1
2
Ik +oll3 > 1k + )2 > 1k/2]5 > -

k 2
oo &= 47" H ||27

where the second inequality holds because of ||k + v]|2, > (|klloe —1)° > (||k]ls0/2)°, since
|Elloe > n!/7/2 > 2 (recall that we assumed that n is large enough such that n'/"/2 > 2).

Hence
3 2 2 2 1

4.2.2. From the Torus Graph to Z%

We now follow an idea from [14] that relates a random walk on the r-dimensional torus
graph G = (V, E) with n vertices to a random walk on the infinite grid Z". The (infinite)
transition matrix of a random walk on the infinite grid Z" is given by

(o =1
P;; = 27,14_1 ifi=j
0 otherwise.

Note that there is a natural relation between a random walk on the infinite grid Z" and a
random walk on V' by projecting the random walk on Z" to the finite set V. To make this more
precise, we define for any vertex (i1,142,...,4,) € V,

H(G) = (i14+Z - n,is+Z-/n, ..., i +Z-/n) CZ".

With P} := Pf ; and P, = ?g,m we obtain that

Pi= Y P (4.1)

ke H (i)

We also record a simple observation that follows from the definition and the fact that all
coordinates of vertices in V' are between —({/n — 1)/2 and +(/n —1)/2.

Observation 4.7. For any i € V and any k € H(i), |ill2 < [|k]|2.

The reason why the relation given in Equation 4.1 is useful is that f; can be approximated
in terms of a multivariate normal distribution by a local central limit theorem [17]. That is, we
will use an appropriate local central limit theorem to approximate the transition probabilities
?Z of Z" with a multivariate normal distribution. To derive the limiting distribution 132 of
our random walk P; ;, we follow Lawler and Limic [17] and let X = (X3,...,X,) be a Z"-
valued random variable with Pr [X = z] = 1/(2r + 1) for every vector z with one 1 and zeros
elsewhere, and Pr[X = 0"] = 1/(2r+1). Observe that E [X; X] = 0 for j # k since not both of
them can be non-zero simultaneously. Moreover, E [X;X;] = (27,71+1)(—1)2 + ﬁH—I)Q = 27,2+1
for all 1 < j < r. Hence the covariance matrix is

r.— [E [XjX’“]ng,kgr —(r+1/2)7t-1,

where I is the r x r-identity matrix.
Applying a local central limit from [17] to our setting yields the following:
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Lemma 4.8 (cf. [17, Theorem 2.3.6] and [17, Eq. 2.2]). For all k,j € Z" and allt € N,

(1, 51) - (e, - 7)) o[ L2)

where

~ 1 .z k x-To\ .
Pi: = W /RT exp (l\/i> exp <_ 2 ) d Z, (4.2)

where i = +/—1 denotes the imaginary unit.
The next lemma computes similarly to [14] the integral in Equation 4.2.

Lemma 4.9. With the notation of Lemma 4.8,

~ 2r +1\"/? —7 || k|3
Pl = —2 )
k ( 4t ) P t

Proof. We calculate

8
7
|
8
=
8
N——
SY
3
8

~ 1 : ,
= A — -
SRCOITE /R P (' Vi 2
! z-k 3
= _ dr
arem Loor (57 —an) 7
1 1 r+1/2 .
R /R exp <—2T+1 (II:vI% —i— :ck)) d'w. (4.3)

To evaluate the integral we complete the square, which yields

1 9 r+1/2 -
/Texp <_2r—|—1 <||:E|2 —2i i ack)) d"z

- 1 o o.T+1/2 2r+1)% 5 (2r+1)7?% .
= [ o (~5mg (11 - 22w B gy B g )

T B 1 __7‘+1/2
exp( t||k||2>/Rrexp< 2r+1Hx i i k

r+1/2
2
d'x
2

2) . (4.4)
2

By substituting z =z — i 7 k we get

/e |2
B T NG

-1
_ 1 2 1 2
_/ /erl exp ( 1 (,;:1 zl>> (/Rexp ( DY 1zr) dzr> dzp—1 ... dz



= (Valer+1)) ./.../Rr_lexp <_2T1+1 (2;)) dzy ... dz
:( 7'r(27“+1))r. (4'5)

Combining Equations 4.3, 4.4 and 4.5, we get

/2 2

_ . , Pl ]

R AT _ 3
Pi= Goyren exp( t||k”2) ( 7r(2r+1)) ( At ) eXp( t )

as stated in the lemma. O

4.2.3. Proof of Theorem 4.2
We are now in a position to prove Theorem 4.2.

Proof of Theorem 4.2. Since Yo(G) < Uy(G) by definition, it is sufficient to prove that
(U5(@G))? is upper bounded by a constant. Since the torus graph is vertex-transitive, it suffices
to consider the case k = 0. Hence it suffices to upper bound

S Y (popY
t=0 [i:j]€eE

We first split this sum into three parts.

@)= 3 (R S (Pt Y Y
[i:j]eE t=1 [i:j]eE t=k+1[i;j]eE
=:A =:B =:C

where # := (41n1)/(1 — Amax) = O(n?/" logn).
Note that A = d = 2r = O(1). To bound C, we use Lemma 2.9 to get C = O(1). Hence it
only remains to consider B. We first rewrite B as follows,

Z Z Pt Pt Z Z Pt Pt
[i:jle B t=1 (i,9) Eﬁt 1

where E C V x V is an orientation of the edges E such that for all edges {u,v} € E, either
(u,v) € ﬁ or (v,u) € ﬁ In the following, we choose an orientation ﬁ such that for all
(u,v) € E, ||ull2 < |Jv]l2. Additionally, it will also be handy to use the following notation,

E o= {(i,j) € E: [lifl> > 0},
Eo:={(i,j) € E: |i, = 0}.

For each (i,7) € ﬁ, we split the inner sum of B at time

. 0 if i =0,
ot) =9 2 ,

—12  otherwise
log?(2[[4[13) ’
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where ¢ is a sufficiently small constant that satisfies 0 < ¢ < 1/r. This gives

o(7)

B= Y S (P-PY'+ Y i (P! —PL)”. (4.6)

(i,j)eﬁ t=1 (i,j)ef t=o(i)+1

=:B; =:B>

Let us first consider By. For t < (i) we use Lawler [16, Lem. 1.5.1(a)] saying that for random
walks on infinite grids,

S P =06, (4.7)
Ikll2>2vE
for all ¢ > 0 and A > 0. In particular, this gives
Pi= P < 3 P.=0 (e—Hin/\/z)’
kEH (i) keZ: ||kll2>]lil2

where we have used Observation 4.7 saying that for any k& € H(i), |li]|l2 < ||k|l2- For any
(1,7) € E we have llill2 < ||7]|2 and therefore

Pi= Y P, < D DN :(9(67”1'“2%)'

keH (5) keZr: ||kll2>1l71l2 kezZr: |lkllz=|lill2
Hence,
o (i) )
= 3 3 (PP
(i) B =1
o(i) ) o (0) )
< Z Z(max {Pg,Pé}) + Z Z(max{Pg,Pﬁ»})
(i) € B 2o 1= (i.)€B, 1=1

o(3)
< > Y 0(exp(=2]lill2/ V1)) (since o(0) = 0)

(z}j)eﬁ;ﬁo t=1

o (1)
> S 0(exp(-2]ifl2/VE)

<
i€V t=1
< S oli)- O expl(~2 log(2]}il}) /)
i€Viko
< Z w.()(“i“;‘“) (since ¢ < 1/r)

2 - 112
57 1082 2liB)

_ O( Z ||i||2—4r+5/2>.

1€Vso

Applying Lemma 4.3 on the last term finally gives By = O(1).

24



Rewriting the second part Bs of Equation 4.6 yields,

B Y Y @Ry Y Y (Z)Ptk‘ ZPQZ

(m-)eg t=c(i)+1 (i,j)eﬁ t=o(i)+1 \k€H(i LEH(5)
. 2
- X > (X (FFl))
(m-)eﬁ t=c(i)+1 \kEH(3)
We now define H(i,t) as a subset of H (i) by
H(i,t) i= {k € H(0): ||k < 3logn -V} € H()
and split By as follows,

By = Z i: ( Z (ﬁz_fjw(jfi))"' Z (PZ—PZJr(ji)))

(i,j)€ B t=0()+1 \kEH()\H(i,1) kEH (it)

<2 ) i (kEHZ (PZ—PZJF(J‘—z‘)))z

(i) B t=o()+1 (i)\H (i.¢)

=:B>;

ey oy (¥ <>)

(i,j)€ B t=0(i)+1 \keH(i,t)

=:B>

where the last line follows from Lemma 2.2. Recall Equation 4.7 which states that
Zl\ngZ)\\/i?Z = O(e ) for all t > 0 and A > 0. This gives

—t —t —t
> B Y Ps X Booetnsat
ke H (i)\H (i,t) kEZ™: ||k| oo >3log n-/T keZr: ||k||2>3logn-V/E

If ||k||oo > 3logn - V/t, then for any {i,5} € E, ||k + (j —4)||oo > 3logn -t — 1. Hence,

—t —3lozn _
Do Phygy =0 eV <0
keH (1)\H(i,t)

This allows us to upper bound Bs; as follows,

Boi= ). i ( > (PZ—PZHJO))Q

(i) € t=0(i)+1 “kEH()\H(iyt)

< i( > maX{PZvPZm—i)})Q

()€ B =1 NkEH@\H(i\t)
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< Z Z (n_2)2 <n74 Z k=n"4O0(n-n*" logn) = o(1).
(i.j)eE =1 (iJ)€E

To bound Bs s, we relate P to the multivariate normal distribution given by P which was
defined in Lemma 4.8. Using the triangle inequality, we obtain that

By = Z ZK: ( Z (PZ_PZ+(j—i))>2

(i,j)c B t=0(i)+1 “keH(it)

K ., » R ) ) )
SRS 2 ’(Pk ~Piig-g) — (P PZiji))‘ + ’PZ ~ Pl
(i,5)e B t=0(i)+1 \keH (i,t)
2

= —t =t ~, ~
<2 ) > > ‘(Pk —Pryoi) — (P - PZ+(j_¢))’ +

(i,j)€ B t=0()+1 \Kk€H (i,t)

=:Ba,2,1

2>, > > ‘ﬁg—ﬁgm_i)

(i,j)€ B t=0(i)+1 \ke€H(i,t)

=:Ba2,2

Again we bound each part of the sum above separately and start with Ba 2 1. By Lemma 4.8,
2
Broa= Y. > | X |®i-Pligoy) - (BL-Ply)
(i,j)€ B t=0()+1 \k€H(i,t)
2

<y i: 3 @<t—(r+s)/2)

(i,/)€ B t=0()+1 \KEH(i,t)

Note that the number of vertices in H(i,t) can be bounded by

|H(i,t)] < d?’k’g"'\ﬂ)r < (31°g”'ﬁ + 1>r,

nl/r nl/r

since all coordinates of a vertex k € H(i,t) are bounded by 3logn - v/t and additionally, the
difference between a coordinate of k£ and the respective coordinate of ¢ must be a multiple of
n'/7. Using Lemma 2.2, we can further estimate this by

\H(i,t)] < 27! (W + 1’") = O(W + 1).

n
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Therefore,

Baay < Z i: <|H(i,t)|.o(f(r+3)/2>)2

(i) € B t=0(D)+1

-2y o) >y o)

@, j)eﬁt o(i)+1 (3,5) eﬁt o(i)+1

1°g” S Z o)+ 3 Z O(t—(r”’))

(7, J)EE t=o(i)+1 (i,j)EE t=o(1)+1
(logn)?" - P )
S D YD DRI D DD DIy
(1,§) € B o t=0(D)+1 (i))€ Bo t=0(D)+1

+ Y ZN: O(t—(r-‘r?)))

(i,j)EB#o t:D’(’i)+1

ogn)%" oot (217112 o il12))(@r+4)
_ g ( > O(lgﬁng ||2>>+O(1)>+ 5 o<<1 g(ﬁi||||<!5p4> )

(i,j)eﬁ;ﬁo (7;7‘7)6@#0
logn)?" _op_
- BT S o+ Yol )
( 7.7 EE#O i€V
= O(l)v

where the last line follows from Lemma 4.3.
We continue to bound the remaining part Ba 2. We first use H(i,t) C H (i), then apply
Lemma 4.9 twice, and obtain

IN

> > ‘Pt Pl

(i,j)eﬁ t=o(i)+1 \k€H(7)
k|3 k+(—1i)|3
exp( T||t|2) exp( TH (g Z)Q)‘

Z z“: <2r+1> Z

(i J)EE t=o(i)+1 keH (1)
o (Y[ 5 e (KB rCIkE )
4t t ’

(l])EEf o(i)+1 keH (i)

Byoo

2

where we used Lemma 4.6 in the last line (note that in the case k = i we have [i||3 < ||7]|3 by
definition of E and When ke H(i)\ {i}, we have ||k||oc > n'/"/2).

Recalling that H (i {z +n"p:pezd } and =1 |pll1 < |lpll2 < |Ipll1, we obtain
%[5 7 (2]lk[l2 + 1)
Z_ P <_ At t
keH ()
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: 1/72 214 1/r 1
-5 o (L2 ) 2l e

4t t
PpEL™

colila 1 s~ (o 1Y (e 2) ot 1)
t 1672 t

PELL,

where the last inequality follows by using the fourth and third inequality of Lemma 4.4. We
continue to upper bound the last term:

2l l g (oY 2 2n) o
t 1672 t

PELL,

2r ||il|2 + 1 n 712\ (12 4+ 20) |pnt/T|ls + 7 ||pnt/T
I \?|52 Y e <_||p I3 ( Jlpn' /2 + 7 llpnt/" 2

= 2
peTrg 16¢r t
i+l g g (et IR (230 [ont
- t / 16tr3 t
PELL,

2rJlifla +1 | < lplF /7 4 fIplls n*/"
Pl 3 5 (-

16tr3 t
B=1peZ: ||p|l1=8

C2rfifla+ 1 nt/m & . , /16tr3
== 0| = D8+ ) e (=87 /) 8

p=1
2r ||i]|2 + 1 nt/m & o /16tr3Y
= " +0 ; BZﬂexp -6 a7 57 .

By applying Lemma 4.5, the second summand can be upper bounded by

1r r+1
o nt/ ( /16;;3) _ O(t(rq)/z pl/r=1/r (r+1)) _ O(t(r—l)ﬂ n’l).
n

Plugging this into our upper bound on Bs 3 2, we obtain

2r+1\" - 2r+1\" _ 2 |lills 1\
B < E E : (r=1)/2 -1
2,22 < < T ) ( - ) (O(t n ) + —

(i,j)Gﬁ t=o(i)+1

:0((2 it‘ln_g)—i-(’)( > f: “Fj)

ij)€E =1 (i,j)€ E t=0(i)+1

o<n2 3 1og<ﬁ)>+o< ooy bt L|3J1>+0< vyl L;;l)
(

ij)EE (1,)€ B wo t=0()+1 (i) € B =1
=0(1) +0< > IIilli(a(i))‘T‘1> +0<Zt"”‘2>
(i,)€E 2o t=1
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iz N

(i.3)€E 2o
=0(1) + @< > ilz”“”) +0(1) = 0(1),

IS
where the last inequality is due to Lemma 4.3. This completes the proof. O

4.3. Hypercube

Before we can calculate To(G) and ¥y (G) on the hypercube we state the following result
which can be easily derived from [21].

Lemma 4.10. For the d-dimensional hypercube with n = 2% vertices the following statements
hold.

1. For any edge {i,j} € E, any vertex k € V and any time step ¥ € N,

> Pl => (P
t=1 t=1

2. Let 0 also denote the vertex 0'°%2™ € V. For any two vertices i, j with {i,j} € E, ||i]l; = p
and ||l = p+ 1 we have

N logy
1 logy (n) + 1 (log n)
Pl —Pl)— . ’ ' )
; ( 0 ],0) n (log2 ”) (10g2( ) p) E:;Ll t

Proof. First we show 1). As shown in [6, Lemma 6], it holds for all triples of vertices 4, j, k with
dist (i, k) < dist(j, k) that for all time steps t € N, P}, > P’ . This immediately implies that

Z’PE,k*Ptk = Z(P 0~
t=1

=0
The second claim is a slight reformulation of [21, Thm. 5] (see also [20, Corollary 3.35]). Note
that in the notation of [20, 21], we have § = 1 and w, — w, = and (3,2)Mb,; — M} ;) with

= m (M is the same as matrix as P). O

Theorem 4.11. For the d-dimensional hypercube G with n = 2% vertices, To(G) = \/d + O(1).
Note that since To(G) > v/d for any d-regular network, this bound is almost tight.

Proof. First note that since the d-dimensional hypercube is vertex-transitive, it suffices to
consider the case k = 0 = 0'°%2" in the definition of Y5(G). Therefore,

To max o — Pt 2.
el ze{Ozl}dt OJEN(’) n ]’O)
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Our aim is to prove that (T2(G))? = d+O(1). Using Lemma 2.9, we obtain for x := (4lnn)/(1—
Amax) = O(log? n) that

Y > max (P, ~PL)?=0(1).

iefoye t=nt1 €N @

Furthermore for t = 0, we have

max P? —-pY 2:2d.
ie{O,l}djeN(i)( ? J)O)
Hence,
1
Yol - : P d+ O(1
(T2(G)* =5 jgljggg) bo—Pho)" +d+0()
i€{0,1}d t=1

and it remains to consider only the time steps between 1 and « in the following.
We now move on to exploit further symmetries of the hypercube. As the hypercube is
distance-transitive [2], we have for any two vertices i, j with ||é||; = ||j]|1 and for any ¢ € Ny,

Pf,o = P;,o- (4.8)

A simple consequence of this fact is that for any vertex 4,

logyn
Pl <1 2. 4.
fo< /( Z. ) (49)

To simplify the notation, we also define for p € N with 0 < p <log, n,
t
Pro: Pomlogz n=p 0
We will use the following result from [6].

Lemma 4.12 ([6, Lemma 6]). For any fized t, P;,o is decreasing in p (0 < p <logyn).

Combining Equation 4.9 and Lemma 4.12, we obtain the following lemma.

Lemma 4.13. For any t € N5, P§ < m. Moreover, for any 1 < p < logy(n)/2 and
teN,
: 1
p,0 = rlog, n\’
(*%")
and for any logs(n)/2 < p < logyn,
1
t
PPO — ( logy n )
log,(n)/2
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With the notation identifying all vectors i € {0,1}% with [i||; = p

Z max ,» Pt )
jGN(z

€{0,1}4 t=1
S35 (e ") S s (PPl
i icip—1p+1} 0 70
10%2(")* K
log, n
= Z ( g; ) (Z (P; 0 P;71,0)2+Z(P§> 0 P;+1,())2>
p=1 t=1 t=1

K K 2
+3 0 (PLo—Pho)* + D (Pl o — Plogyn-10)
=1 t=1

e log, n log, n - 2
= Z (( 172 >+ (p—il)) Z(PZ,O_PZH,O)

p=0 t=1
log,(n)—1 K 2
logomn + 1
S ) (B ra)

We split the outer sum in three parts:

log,(n) K 2
logy 1 + 1) ( (P, — P! >
,0 1 0)
> ("5") (S e
2
log, n + 1 -
—Z( ]92+1 ) (Z (P;,O_P;—H,O))

p=0 t=1
=:B;
logy(n)—6 K 2
logy n + 1) ( : .
+ Y ( (Ppo = Ppi10)
p=6 p+ 1 t=1
::BQ
log2(n) K 2
logon +1 : :
+ Z < p+1 > ( (Pp,O - Pp+1,0) :
p=log,(n)—5 t=1
:233

We first consider Bs. By using the second statement of Lemma 4.10 and recalling that P;’O —

P;’_?_l > 0, we can upper bound Bs by

0goy N— 7 ogon 2
B, < : gzz 0 (log;+n1+1) l log,(n) + 1 1g22 log, n
2= 2 \n logy(n)—p == \ ¢

=6 (log;)2 n)

t=p+
O, n— O, n 2
_ : gzz: ¢ logo,n+1 1 1 logy(n) +1 li (log2 n>
rt p+1 (10%‘ ") n logy(n) —p P ¢
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Using that Zlogz v (logg‘ ") < n and plugging in the bound 6 < p < log, n — 6 we can continue

l=p+1
with
52170 g n 11 1
< D
7 (10g2 n)
p=6 P

log, n/2 log, n—6
_ (logyn +1)° 1 1
- 7 Z (log2 n) + Z (log2 n)

p=log, n/2+41

p=6

Viogn » p logy(n)/2 p P
< 3
< Olos n)( Z (log2n> - Z (loan) >

p=6 p=+logn

Viogn log,(n)/2
soaog%)( (logym) 77+ 3 2"’)

p=6 p=vlogn

:O(loggn)'(’)( ; + 27 Vlosn

<)

09
S
~—
N———

To upper bound Bs, we use again the second statement of Lemma 4.10 to obtain

2
logyn

logo n
By < Z logo,n+1 1 1 logy(n) +1 Zz (log2 n) —o(1),

p+1 (log; ") n logy(n) —p Pt /

p=log, n—5

as % dominates all other factors which are at most polylogarithmic in n.
It remains to upper bound B;. Using Lemma 4.12, we obtain

> logyn + 1\ « 2 > logon +1 u 2
53 () R @’ <3 () 2w
p=0 t=1 p=0 t=1

We now split the inner sum into two parts: 1 <t < 14, and 15 <t < k. We first consider the
sum with 1 <t < 14. For bounding the term P! ,, we now use Lemma 4.13 to obtain that

p,0
5 14
logy n + 1) L o\2

> 2 DL
p=0 p+ 1 t=1

<y <10g2 n+ 1> 14 N 25: ) (1og2 n+ 1) 14

- 1 (logyn + 1)2 = p+1 ((1og2n))2

P
=0(1). (4.10)

For larger time steps ¢t > 15, we examine P;)O for 0 < p < 5 more closely. Observe that a
random walk that starts from p increases the distance to 0'°%2" in step t with probability at
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least 1 — 4P __  Moreover, in order to arrive at a vertex ¢ with 0 < ¢ < 5 at step 15, the
gy nt1

random walk can at most 10 times increase the distance to 0'°82" during 15 steps. This implies
that for all 0 < p <5,

ZPM < ( ) . (&)5 — O((logn) ). (4.11)

Combining Equation 4.11 and Lemma 4.13, we obtain that

3 (P < (Z P;,o)

t=15 t=15
logn 2

-

=15 4=6

E log(m/2 log n ) ?

< Z ZP;?Q1+ Z 1.(log2n + Z L log, n

t=15 \ ¢=0 q=6 q ) g=log(n)/2+1 (logz(n)/2)
< (k- (O((logn) ™) + O((log ) ~*)))"
= O((logn)~°).

Hence we obtain,
> logon +1 - 2 > logon + 1
Z?( ’ ) D (Pho)” < 2( ? ) L0 ((logn) ™) =0(1).  (4.12)
p=0 p t=15 p=0 p

Combining Equation 4.10 and Equation 4.12, we find that also B3 = O(1), which finishes the
proof. O

4.4. Hypercube
In the following we give an ezact bound on ¥y (G).

Theorem 4.14. Let G be a hypercube with n vertices. Then,

logz(n) 1 log, n

¥,(G) = 10g2 Z 3 (log2”> O(log” n).

p=0 l=p+1

Proof. By symmetry, it suffices to consider k = 0 = 0'°2" for ¥, (). By using Lemma 4.10
twice, we get

¥(G) = Z > [Pl

t=0 [i:j]eE
log,(n)—1 o
- 2 > |-
p=0 {i,j}€E: t=0

llélli=p; [l7ll1=p+1



B log,(n)—1 Z 1 10g2( ) T 1 login (10g2 n)
o ' T n :
p=0 {i,j}eE: n (Og2 )(10822( ) — D) t=pt1 ¢
lilli=p; |7 llr=p+1

10 log2 (n)—1 logy n 10 n

p=0 f=p+1

where in the last equality we have used the fact that for any 0 < p < logy(n) — 1, there are
(IO% ") (logy n — p) edges {i,j} € E with [|i|; = p and ||j[|; = p+ 1. We can upper bound this
term by

1 1
U, (G) < % log,(n) 2'°82™ = O(log® n).
For the lower bound on Equation 4.13,

log; ”) = Q(log? n). =

w(e)z MLy

log2(n)/2 log, n (
p=0  (¢=log,(n)/2

As the discrepancy of the RSW algorithm is at most ¥y (G) after 7(G, K) rounds [23, Cor. 3],
we obtain:

Corollary 4.15. The discrepancy of the RSW algorithm [23] is at most O(log”n) after
7(G, K) = O(log(Kn) - log® n) time steps.

Note that the best possible result from [23, Theorem 4] yields only a weaker bound of
O(log® n). Our result is tight since d - diam(G) = (log, n)? is a simple lower bound.

5. Discussion

We presented a new diffusion-based load-balancing scheme which is very simple and avoids
negative load. We show bounds on the discrepancy for general graphs depending on the local (or
refined local) divergence and the eigenvalue gap of the graph. For (constant-degree) expander
graphs we prove a discrepancy of O(loglogn), for hypercubes of O(logn), and for r-dimensional
torus graphs of O(y/logn ).

We also note that our proof techniques are not restricted to the algorithm presented in this
paper. For example an adversarial algorithm where the adversary is allowed to specify the
destinations of the excess tokens could also be analyzed. Adapting the proof of Theorem 1.1
to this algorithm, one can show that the deviation is at most O(d T1(G)).
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