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—— Abstract

Workloads of networked and distributed systems are often far from random, but exhibit certain
structure: they are skewed and bursty. Networked systems which can adapt to and exploit such
spatial and temporal structure, in a demand-aware manner, bear the potential to be more efficient
than their demand-oblivious alternatives. This paper studies demand-awareness in the context of
consistent hashing, a fundamental component in many modern distributed systems. We present
a novel demand-aware consistent hashing method to improve access time and storage utilization
in distributed hash tables. In particular, the resulting system supports local (greedy) routing,
ensures bounded server loads, and applies to various network topologies. We formally prove that
our algorithms achieve a constant approximation ratio in the offline scenario.
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1 Introduction

In distributed systems, workload and communication traffic often feature much spatial and
temporal locality, i.e., are structured [4, 5]. For example, many distributed systems leverage
caches (or entire cache hierarchies) to benefit from locality of reference. In this paper, we
focus on designing demand-aware algorithms to improve performance of consistent hashing.
Consistent hashing was first introduced by [11] to facilitate efficient updates to hash tables,
for example in web caching [12]. Supporting such efficient updates and dynamicity in general,
is crucial for many distributed systems handling large amounts of data, for example in
Amazon DynamoDB [20] and Apache Cassandra [13]. However, consistent hashing methods
today are demand-oblivious, and ignore the high locality in access patterns. This can result
in an inefficient use of the infrastructure and its resources [6].

In this paper, we explore how to improve the efficiency of consistent hashing, by making
it demand-aware, striking an ideal tradeoff between the benefits and costs of adjustments.
We show how incorporating the network and bounding server load, can result in low access
cost and load variance, and hence in much faster response times. Our solution also supports
efficient routing on the network: routing decisions can be local and greedy, which is particularly
attractive in large-scale networks. Our approach relies on a set of offline algorithms that
provide guarantees in terms of both access cost and storage utilization.
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Table 1 Comparison of the consistent hashing methods most closely related to our work. We
provide two variants of our system, which can be adopted based on the requirements of each use
case.

Method Storage Utilization | Average Access Cost | Local Search
Traditional [11] Low Low Yes
Bounded loads [15] Moderate High Yes
Revisiting [6] Moderate Moderate No
Hash&Adjust [18] High Moderate Yes
A-DACH [this work] High Low No
L-DACH [this work] Moderate Low Yes

1.1 Overview of Model and Objectives

Consistent hashing is a hashing technique that allows for fast dynamic updates in the network.
As the input, it considers a sequence of items (e.g., web content) that need to be inserted,
accessed, or deleted from a set of servers which are interconnected by a network. Also, we
should be able to add or remove servers as well.

Previous work on consistent hashing assumed that servers are placed on a ring, where each
server can access only its predecessor and successor. However, in real-world scenarios, each
server is usually connected to many other servers, resulting in a more communication efficient
network, e.g., a network that has a much lower diameter than a ring. Hence, considering
an optimized overlay network is critical in improving performance of the system. In this
work, we utilize such connections, by focusing on constant-degree networks (e.g., de Bruijn
graphs [7]).

An objective of this paper is to provide a faster access time, on average and in expectation.
We show that the average cost of our algorithms is on par with an optimal, i.e., it has
constant approximation factor. We also aim to improve upon previous works, by showing
that our algorithms can provide guarantees on the access time, while they require less load
variance. Ensuring less load variance results in better utilization of the storage at hand. This
is particularly important given that it is unknown beforehand which server is going to have
the highest load. In particular, we discuss how to just have an additive additional capacity
on top of the minimum capacity needed.

1.2 Related Work

Traditional consistent hashing algorithms, like [11, 12]-those which do not have a bounded
load per server— might suffer from a big difference between maximum and average load, when
the number of items is much larger than the number of servers. To avoid such discrepancy,
the work of Mirrokni et al. [15] suggested that bounding loads with a multiplicative additional
capacity per server. The later variations of this work [1, 3, 6] have improved on other fronts,
but kept the possibility of a multiplicative additional capacity intact. Consistent hashing
with bounded loads helped teams at Google [15] and Vimeo [19] improve their content
hosting system, and an open-source version of it is part of HAProxy [22]. Incorporating
self-adjustments was first suggested by [18], building on the ideas from self-adjusting lists [2].
In terms of overlay networks, some of the initial structures suggest using O(logn) edges
per server to ensure O(logn) diameter [9, 10, 21]. Later on, it was shown that ensuring
logarithmic diameter is possible with constant degree [16]. To the best of our knowledge,
previous theoretical work has mainly considered capacitated tree networks [17], rather than
capacitated overlay networks. Table 1 provides an overview of key related works.
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(a) The network between servers. (b) Servers on the virtual ring.

Figure 1 A visualization of our model, considering 8 servers with capacity ¢ = 8 to store 45 items,

and degree b = 2 De Bruijn server graph (hence, d = 3 and additive capacity of 2 is considered).

Color of items match colors of their sources, and hence there are overflow of items to other servers
(from 110 to 100, and then both to server 000).

2 Formal Model

In this section we provide formal definitions and routing mechanisms used in this paper.

Items & servers. We consider a set of n servers S, and a set of m items V. The server
that an item v is currently in is its host server, host(v). The frequency of an item v, noted
by freq(v), is the number of repetitions of an item in the request sequence o with size
|o|. We assume that all servers have the same capacity for items. We allow each server to
hold up to ¢ items from set of items V. We define the number of items in a server s as its
load and also the storage utilization as number of items divided by capacity, in other words
utilization = 7.

Server graph. A server graph, is an overlay network that connects servers to each other.
For a constant outgoing degree b, we use a b-ary de Bruijn graph of dimension d [7]. We
choose b such that b% is bigger than number of servers . In such a construction, each server
is assigned a d-digit sID (server ID) in base b. Each server is connected, through a directed
connection, to at most b other servers. It is known that such a graph results also in in-going
degree of b (considering self loops) [14]. Figure 1 shows an example of de Bruijn graphs with
8 servers, considering b = 2 and d = 3. For each item v, we consider an item ID, vID, which
is in base b, with length v = 2 - d. The first d digits of vID determines source of an item:
source of item v is the server that has sID equal to the first d digits of vID an item. The rest
of digits helps us in the local routing.

Greedy routing. By considering greedy routing, we choose the next server which minimize
the distance on the directed server graph to the destination. It is known that the greedy
routing results in distance at most d between any two servers in a de Bruijn graph of
dimension d [14]. We note that this greedy distance is on the directed server graph.

For a source server s, GreedyTree of source s, denoted by GTree(s), is a sub-tree of the
server graph, rooted in s. This tree is constructed by taking a union of unique greedy paths
from s to all other servers. See an example of GreedyTree in Figure 2b.

Search methods. In global search method, all servers maintain a global map. This map
keeps track of sID of the host of items that are sourced in the server. When we start searching
for an item from its source, we consider access to sID when following the greedy path toward
the host of the item.

The local search builds on top of the greedy routing, and finds the item solely based on
the vID of items. The local search works in two phases.
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1. In the first phase, we take a walk on the server graph. The steps of this walk are only
determined by the vID of the item, without the need to access a global map. For an item
v, we determine the i-th step of the walk as follows: we go to the neighboring server that
has (i + d)-th digit of vID of v as its rightmost digit.

2. After d steps of the walk, when we reach the last digit of vID, we start the second phase,
and follow a Hamiltonian path from that server, to find a suitable server. We follow the
Hamiltonian cycle that is created by a d digit b-ary Gray code [§]

To find an item, we start from the source of the item, and follow the above-mentioned
phases, until we reach the item. We eventually find such a host server, given that we visit all
server during the second phase of the local search. Procedure 1 recaps a local search step.

Procedure 1 LocalSearchStep(s, v, ).

Input: Server s, item v, counter 7
Output: Next server s’
1.1 if 7 <d then
1.2 x = the i 4+ d-th digit v’s vID.
1.3 Get s’ by shifting sID of s left and adding z to it.
1.4 else
1.5 s’ is the next server following b-ary Gray code.

Distance & Access cost. Distance of an item v, dis4(v), is the number of steps that search
algorithm A requires to find item v. For a given search algorithm A we define the offline
access cost as ) i, disa(v) - freq(v).

Problem definition. Following is the formal problem tackled by this paper:

Offline Minimum Average Access Cost (Off-MAAT).

Input: A set of n servers connected as de Bruijn Graph, m items, and their frequency
distribution.

Output: Find an assignment of items to the servers in the server graph such that
freg(v) is minimized, while respecting greedy routing.

vey disa(v)-

3 Algorithm Supporting Additive Capacity

A-DACH (as an acronym for additive demand-aware consistent hashing) is an algorithm
that aims to reduce the access cost and improve the storage utilization, when global routing
is allowed. In doing so, this algorithm considers free for all capacity decomposition. This
algorithm first sorts items in descending order. Starting with the most frequent item, this
algorithm puts items one by one in a server that is closest to the item’s source (considering
greedy routing) and is not full, and then updates the forwarding table for the source of item.

Offline A-DACH algorithm always terminates, as there is available capacity for all items
in servers of the network (given the capacity allocation). The running time of this algorithm
is O(m - logm). Sorting the items takes O(m - logm) time, and each item can then be
placed in at most O(logn) time. The next theorem proves that this algorithm has a constant
approximation (all proofs are deferred to the full version of the paper).

» Theorem 1. Considering OFF-MAAT problem, A-DACH gives 2 approzimation compared
to the optimal offline algorithm, considering m = w((nlogn)?).
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(a) Capacity allocation inside a source. (b) Capacity assigned to a serve in its tree.

Figure 2 Figure 2a shows fractional capacity allocation inside server 100 and its corresponding
Gtree. The rounded cross-hatched rectangles depict the percentage of capacity that is allocated to
each server. Figure 2b shows capacity reserved for the server 100 in other servers, by colored orange
rectangles. These figures are based on the example server graph shown in Figure la.

4  Algorithm Supporting Local Search

In order to describe our algorithm we first need to define a few terms:

Fractional capacity allocation. We benefit from an elaborate collection of items in each
server by assigning a fixed fraction of the capacity to a certain source. This fraction depends
on the distance of the source to the current server.

We define fracs, as the fraction of server s dedicated to the source ¢. Consider A as the

adjacency matrix of the server graph, and Als, t] as the value in row s and column ¢ of it.

For any given distance d, we allocate A%[s, t] x w%l fraction of server ¢ to s. If there is a
leftover capacity in a source, we dedicate it to the same source. See an example of capacity
division inside a server in Figure 2a.

A fractional tree of a source s, is source tree of s in which we only consider the capacities
allocated to source s. See an example of fractional tree in Figure 2b.

Virtual source. The virtual source of an item v is initially its source, s = source(v). The
virtual source of an item changes, when that items reach a leaf of the GT'ree(s). This way,

we can ensure that v can always find a spot to placed in, even if its source is heavily loaded.

See an example of capacity assigned to a server in its Tree in Figure 2b.

Similar to the A-DACH, L-DACH (as an acronym for local demand-aware consistent
hashing) starts by sorting items based on their frequencies. It then goes over the items of
the sorted list, one by one. For each item, it finds the closest server, using the local routing,
that has an empty spot in its fraction of capacity for the virtual source of the item.

» Theorem 2. The cost of L-DACH is constant approximation of the cost of any optimal
algorithm, for de Bruijn server graphs, and a constant multiplicative factor, we have a
constant approzimation of the cost compared to an optimal offline and static algorithm.

5 Conclusion

This paper introduced new consistent hashing methods that enhance both access time and
storage time, while considering the possibility of local search. We discussed A-DACH and
L-DACH, optimized for storage utilization and having local search, respectively. As a future
work, we will be looking into the online variant of the problem, in which we aim to provide a
dynamic optimal algorithm for our model.

! Ad[s, t] determines the number of walks from s to ¢, and remember that b is the outgoing degree of a
server.
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