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Motivated by the exploding growth of web-based services and the importance of efficiently managing the
computational resources of such systems, we introduce and study a theoretical model for load balancing of very
large databases such as commercial search engines. Our model is a more realistic version of the well-received
balls-into-bins model with an additional constraint that limits the number of servers that carry each piece
of the data. This additional constraint is necessary when, on one hand, the data is so large that we can not
copy the whole data on each server. On the other hand, the query response time is so limited that we can not
ignore the fact that the number of queries for each piece of the data changes over time, and hence we can not
simply split the data over different machines.

In this paper, we develop an almost optimal load balancing algorithm that works given an estimate of the
load of each piece of the data. Our algorithm is almost perfectly robust to wrong estimates, to the extent that
even when all of the loads are adversarially chosen the performance of our algorithm is 1 — 1/e, which is
provably optimal. Along the way, we develop various techniques for analyzing the balls-into-bins process
under certain correlations and build a novel connection with the multiplicative weights update scheme.
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1 INTRODUCTION

The balls-into-bins paradigm is the most fundamental model for load balancing in real-time dis-
tributed systems. In the classical balls-into-bins problem, we model the real-time requests as balls
and the servers as bins. In each round, a memory-less allocation algorithm places the incoming
balls into one of the bins. The goal is to balance the number of balls assigned to the bins, commonly
referred as loads. Constrained by the latency requirement, the algorithm is only allowed to look
at the loads of a few bins. The most well-established result in the context of balls-into-bins is the
power of two choices, or more generally, the power of d choices algorithm which looks at d bins
uniformly at random in each round and assigns the ball to the bin with the minimum load. The
maximum load of all bins is then bounded by % + O(loﬁ)l%”) [3], where n is the number of bins
and T is the number of balls.

The classical formulation of balls-into-bins is extensively studied in the literature, as it captures
several applications including hashing, share memory emulations and jobs allocations. However, in
modern distributed service systems such as web search engines, there is a significant gap between
the theory and practice. In these modern applications, since the size of the whole data is very large,
each piece of the data (e.g. one dataset) is only replicated across a few machines, and the replication
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is fixed throughout the time. As a consequence, a query can only be addressed on servers that hold
a copy of its corresponding dataset. This challenges the common assumption that one can choose
an arbitrary machine to process a request. Hence, two fundamental questions arise:

Q1. How do we replicate the data across servers?

Q2. When a real-time query appears, how should it be assigned?
Given the emerging popularity of web based services, we believe it is crucial to address these
questions and mitigate the gap of the classical theory.

In this work, we introduce a new balls-into-bins model that captures the practical issues arising
in such distributed systems and develop a near optimal algorithm with machine learned advice.

1.1  Our Results

We present a near optimal algorithm for the load balancing problem. The performance of our
algorithm is measured w.r.t. the offline optimal solution, which is defined as the solution that
minimizes the maximum load of the servers on the actual load distribution.

THEOREM 1.1. Suppose € > 0, d = Q(logn/e? + 1/e*), and the estimation error is bounded by
A € [0,1]. There is a randomized network construction and online load balancing algorithm such that
with probability at least 1 — 1/poly(n),
o The maximum load on servers is always O(1) approximate to the offline optimal.
2
e WhenT = Q("le#), the maximum load on servers is (Wlp(—l) + €) approximate to the

offline optimal. Moreover, no algorithm is capable of achieving (m — €) approximation.

Our algorithm consists of two subroutines. First, we come up with a network construction
algorithm that receives an estimation of future loads as the input, outputs a bipartite graph of
clients and servers with near optimal approximation guarantee.

THEOREM 1.2. For any e > 0, supposed > Q (logn/e* + 1/€*) and the estimation error is bounded
by A € [0,1]. There is a randomized network construction algorithm, such that with probability
1—1/poly(n), it achieves (m + €) approximation to the offline optimal. The approximation is

tight as no algorithm can achieve (Wlp(—/l) — €) approximation.

The second subroutine is online load balancing, where we use the power of d choice algorithm.
We prove the d-choice algorithm is constant approximation in the small load regime and (1 + 0(1))
approximation asymptotically.

THEOREM 1.3. Let d = Q(logn). Suppose the bipartite graph is constructed by the algorithm of

Theorem 1.2, and we assign online requests using the d-choice algorithm, then with probability at least
1- 1/pOIY(n):
o The maximum load on servers is always constant approximate to the offline optimal.
n?logn

o When the number of requests T = Q(=—_z—), the maximum load on servers is (1+€) approximate

to the optimal allocation on the graph.

The journal version of this paper has been published at [2], and the preliminary conference
version of this paper is at [1].
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