Perfor mance Optimization of a De-centralized Task Allocation Protocol via
Bandwidth and Buffer Management *

Bo Hong and Viktor K. Prasanna
Department of Electrical Engineering
University of Southern California
Los Angeles, CA 90089-2562
{bohong, prasanna}@isc. edu

Abstract

Sharing the resources among various users and the lack
of a centralized control are two key characteristics of many
distributed heterogeneous computing systems. A critical
challenge for designing applications in such systems is to
coordinate the resources in a de-centralized fashion while
adapting to the changes in the system. In this paper, we con-
sider the computation of a large set of equal-sized indepen-
dent tasks. This represents the computation paradigm for a
variety of large scale applications such as SETI@home and
Monte Carlo simulations. We focus on the performance op-
timization for a de-centralized adaptive task allocation pro-
tocol. We develop a bandwidth allocation strategy based
on our de-centralized task allocation algorithm, and a sim-
ple task buffer management policy. Simulation results show
that our task allocation protocol achieves close to the opti-
mal system throughput.

1 Introduction

One of the key characteristics of many distributed het-
erogeneous systems is the lack of a centralized control [10].
This is especially the case when the distributed resources
belong to different administrate domains. For example, a
Grid may consist of compute resources from different uni-
versities, companies, and government organizations, each
having its own administrative policy. A distributed sys-
tem without a centralized control does not have complete
knowledge of the system state and user requests, nor can
it control the individual computers. A challenging prob-
lem for application design in such systems is to maximize
system-wide resource utilization (e.g. system throughput,
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task turnaround time) with de-centralized operations where
each individual resource determines its own action based
on locally available information. Additionally, since the re-
sources are often shared among various users, from a sin-
gle user’s point of view, the system is dynamic and the
capabilities of the available resources for a given applica-
tion vary continuously. Such a dynamic nature makes ef-
ficient utilization of these distributed resources even more
challenging. In order to maintain a sustained speed-up over
stand-alone systems, the execution of applications must be
adaptive to the changes in a dynamic heterogeneous sys-
tem [1, 23].

We study the computation of a large set of equal-sized
independent tasks on a dynamic heterogeneous computing
system. This represents the computation paradigm for a
wide range of research and commercial activities. In these
activities, the computation of a complex problems is divided
into many small independent work units that are processed
in parallel. Examples of such activities include signal pro-
cessing applications such as SETI@home [13], life science
studies such as protein folding [15], computations in math-
ematical sciences such as the verification of Riemann’s hy-
pothesis [21], data encryption/decryption [6], etc. This
computation paradigm is also exemplified by more tightly
coupled computations such as Monte Carlo simulations.

In our previous study, we focused on the mathemati-
cal formulation of the above computation paradigm and
showed that the throughput maximization problem can be
efficiently solved in a distributed and adaptive fashion [9].
By modeling the computation at the compute nodes as
a special type of data flow, we transformed the system
throughput to the network flow in a corresponding graph.
More importantly, for the network flow maximization prob-
lem, we developed a decentralized task allocation algorithm
that can adapt to the changes in the system.

In this paper, we address the practical issues of imple-



menting this task allocation algorithm as a distributed task
allocation protocol. We consider the network interface of
the compute nodes to be capable of performing concurrent
communications with multiple neighbors. The network in-
terfaces are therefore shared by the concurrent communica-
tions and we develop a strategy to allocate the bandwidth,
which is based on our task allocation algorithm. Further-
more, since tasks are atomic and the real-valued task allo-
cation generated by our task allocation algorithm cannot be
directly applied, task buffers are used to convert the real-
valued task allocation to integer-valued allocation. In this
paper, we show that only a moderate amount of local stor-
age is required by the task buffers. This fact leads to a sim-
ple task buffer management policy. Simulations show that
such a policy, when combined with our bandwidth alloca-
tion strategy, ensures close to optimal system throughput.

The rest of this paper is organized as follows. Related
works are reviewed in Section 2. In Section 3, we describe
our system model and present a brief summary of our pre-
vious work - the Incremental Push-Relabel algorithm for
throughput maximization. Experimental studies and per-
formance optimizations of the implementation of the Incre-
mental Push-Relabel is presented in Section 4. Concluding
remarks are made in Section 5.

2 Redated Work

Task scheduling for heterogeneous computing systems
has received a lot of attention recently. Minimizing the
overall computation time of all tasks (makespan) is known
to be NP-complete [11] and hence heuristic based ap-
proaches have been extensively studied [2, 4, 19, 20, 22].
Instead of minimizing the makespan, some studies focus on
the maximization of the system throughput. For example,
the Condor project [18] develops a software infrastructure
so that heterogeneous resources with distributed ownerships
can be utilized to provide large amounts of processing ca-
pacity over long periods of time. The master-slave com-
putation is widely used by many applications and has been
exploited by various research efforts ([8, 17]) to maximize
the throughput. The multi-level master-slave paradigm is
studied in [3], where a bandwidth-centric approach was
proposed to maximize the throughput of systems that are
connected via a tree topology. Besides the design of opti-
mal/approximation scheduling algorithms and the develop-
ment of actual software infrastructures, a few other works
have addressed the practical issues that may occur dur-
ing the implementation of task allocation/scheduling algo-
rithms. For example, for Internet based master-slave com-
putations, the impact of task duplication and timeouts was
studied in [12]. Assuming a tree-structured system topol-
ogy, an autonomous task allocation protocol was proposed
in [14].

Our study departs from the above research works in
that we develop a distributed and adaptive task allocation
protocol for systems with general topologies. Compared
with centralized task allocation strategies, a distributed one
can achieve a comparable system-wide performance while
being scaled to very large systems, which is often the
practical requirement of large scale applications such as
SETI@home and peer to peer computation. Since many
heterogeneous systems consist of resources that are geo-
graphically distributed and belong to different organiza-
tions, they do not exhibit any regular topologies (e.g. a tree
or a ring), nor are they static. Our study provides a useful
methodology toward task allocation in the context of large
scale, distributed, and dynamic systems.

3 System Model and Distributed Adaptive
Task Allocation Algorithm

The compute nodes are assumed to be connected via an
arbitrary topology and the system is represented by a di-
rected graph G(V, E). Each node V; € V in the graph rep-
resents a compute node. The weight of V; is denoted by
w;. w; represents the processing power of node V;, i.e. V;
can perform one unit of computation in 1/w; time. Each
edge E;; € E in the graph represents a network link from
Vi to V5. The weight of E;; is denoted by 1;;. I;; repre-
sents the communication bandwidth of link E;;, i.e. Link
E;; can transfer one unit of data from V; to V; in 1/1;;
time. The links are uni-directional, so G is directed and
E;; # Ej;. In the rest of the paper, ‘edge’” and ‘link’ are
interchangeably used. The successors of V; in G is defined
as o; = {Vi € V|E;;, € E} and the predecessors of V; in
G is defined as ¢; = {V}, € V|Ey; € E}.

The compute nodes are assumed to be equipped with
full-duplex network interfaces that allow concurrent com-
munications with multiple adjacent nodes. Due to the hard-
ware limitations of the network interfaces or the specifica-
tions of network protocol, the rate with which a network
interface sends and receives data cannot increase infinitely,
even with concurrent communications. The capabilities of
the network interfaces of each node V; is described by two
parameters: ci® and c¢%t: within one unit of time, at most
cin(c¢ut) units of data can flow into (out of) V;. We further
assume that the compute nodes can perform computation
and communication concurrently.

Without loss of generality, we assume that each task con-
sumes one unit of source data and requires one unit of com-
putation. (If not so, we can normalize the values of w; and
l;;.) The tasks are independent of each other and do not
share the source data. A compute node can compute a task
only after receiving the source data of the task. Initially,
node V; holds the source data for all the tasks. Except V%,
all other compute nodes in the system face the same ques-



tions: (1) where to get the tasks from? (2) how many tasks
to compute locally? (3) where to send the remaining tasks?

Instead of minimizing the overall execution time of all
tasks, we explored the maximization of the system through-
put in [9]. The results are briefly summarized below.

Let f(Vi,V;) denote the number of tasks transferred
from V; to V; in one unit of time. For notational conve-
nience, if edge E;; ¢ E, we define l;; = 0; if the actual data
transfer is from V; to V;, we define f(V;,V;) = — f(V5, V;).
With these two definitions, if neither E;; nor E;; belongs
to E, then l;; = l;; = 0, which implies that f(V;,V;) =
f(V3,Vi) = 0. In this way, we can define f(V;,V;) over
V x V, rather than being restricted to E. f(V;,V;) =
—f(V;,V;) also allows us to compute the total number
of tasks transferred to V; as >y <00, f(Vk, Vi), which
equals 3y, ey f(Vi, Vi) since (Vi V; ) = f(V;,Vi) =0
if £;; ¢ Eand E;; ¢ E. We first obtained the following
linear programming problem formulation.

Base Problem: Given an undirected Graph G(V, E), where
node V; has weight w; and associated parameters ci* and
co¥t, and edge E;; has weight I;;. w; > 0. ¢i® > 0. ¢¢%¢ >
0.1;; > 0if E;; € E and l;; = 0 otherwise.

Maximize: W = wq + ZWGV_{VO}( Yoviev F(Vi, Vi)
Subject to:

f(‘/Za‘/;)Slz] fOfV‘/i,V}'GV

Yviev f(Ve, Vi) >0 forVVi eV —{Vp}

Yvieve fviviyso S (Vi Vi) < vt forVVv, eV
)0 f(

o OB WN -

veeve fvaviyso f (Vi Vi) < forvVi eV
2vev f(Vk; D <w;  forVV; e V—{V}
fVi, Vi) = —f(Vi,V;)  forVV,V; eV

The Base Problem can be transformed to a network flow
problem with the extended network flow (ENF) representa-
tion. Given an instance of the Base Problem, its ENF repre-
sentation is obtained using the following procedure:
Procedure 1:

1. Create a node S with weight 0.

2. For each node V; in the base problem, create three
nodes: V;*, V;, and V; . The weight of the three new
nodes are 0. Add a directed edge of weight ¢i” from V;
to V;*, a second directed edge of weight c¢** from V;*
to V", and another directed edge of weight w; from V;*
to S. Vi is the root node in the ENF representation.

3. Foreach edge E;; in the base problem, create an edge

E;;, where E;; is from V;' to V; and has weight /.

We call the hypothetical node S the sink node of the ENF

representation. Based on our ENF representation, we have
the following flow maximization problem:

Problem 1: Given a directed graph G(V, E), where edge
E;; has weight [;; > 0, 1;; = 0if E;; ¢ E, aroot node Vg,
and a sink node S.

Maximize W = Y, oy f(Vo, Vi)

Subject to:
1f(V;,V7) Slz] fOTVV;',V} eV
2. f(V5, Vi) = —f(V3,V5) forvVV;,V; eV

3. EVJ-EV f(V;,V]) =0

If an instance of the Base Problem has G as the input
graph and Vj as the root node, we denote it as Base Prob-
lem (G, Vo). If an instance of Problem 1 has G as the input
graph, V4 as the root node, and S as the sink node, we de-
note it as Problem 1 (G, V4, S). We use Wg(G, V) to rep-
resent the maximum throughput for Base problem (G, V5).
We use Wi (G, Vp, S) to represent the maximum throughput
for Problem 1 (G, V4, S).

The next proposition shows that the Base Problem is a
special case of Problem 1 under the ENF representation.

forvV, e Vv —{V,S}

Proposition 1: Suppose Base Problem (G, Vp) is converted
to Problem 1 (G',VO*, S) using Procedure 1, then
Wa(G, Vo) = Wi(G', V5, S)

Problem 1 is a standard network flow maximization
problem. In [9], we developed a decentralized and adap-
tive algorithm for the network flow maximization problem
(Problem 1). This algorithm is an augmentation to the Push-
Relabel algorithm [5] and is denoted as the Incremental
Push-Relabel algorithm. In the Incremental Push-Relabel
algorithm, every node in the graph determines its own be-
havior based on the knowledge about itself and its neigh-
bors. No central coordinator or global information about
the system is needed. More importantly, unlike the Push-
Relabel algorithm, no global synchronization is needed
when the Incremental Push-Relabel algorithm adapts to the
changes in the system.

For each node V; € G, e(V;) is defined as e(V;) =
kaev f(Vi, V;), which is the total number of tasks V; re-
ceives. An integer valued auxiliary function h(V;) is also
defined for V; € G, which will be explained in the algo-
rithm. The algorithm is listed as follows:

1. Initialization: h(V;), and f(V;,V;) are initialized as

follows:
h(V;) =0 forVVieV
f(Vi, V) =0 forVVi,V; € E
h(Vo)  =|V|
F(Vo, Vi) =lok forvVy eV
FT(Vkes Vo) = —lok forvVy eV
e(Vs) = ZVkeV F(W, Vi) forvV; eV

2. Search for the maximum flow:
Each node V; € V' — {14, S} conducts one of the fol-
lowing three operations as long as e(V;) # 0:
(@) Push(V;,Vi): applies when e(V;) > 0 and 3V},
st lig — f(Vi, Vi) > 0and h(V;) > h(Vy),



d = min(e(‘/i)a i, — f(‘/;a Vk))
f(V;,Vk) :f(‘/;avk)+d

fWVe, Vi) = =f(Vi, Vi)

e(V3) =e(V;) —d

e(Vy) =e(V) +d

(b) Relabel(V;): applies when e(V;) > 0 and
h(Vz) < h(Vk) forvV, € {Vk|lik—f(W,Vk) >
0},

h(Vi)

(c) Rebalance(V;): applies when e(V;

whilee(V;) < 0
picka Vy s.t. f(V;, Vi) >0

) <0,

d = min(—e(V3), f(Vi, Vi))
e(Vi) =e(Vi) +d

e(Vk) =e(Vk) —d

FVi,Vie) = f(Vi, Vi) —d

FVi, Vi) =—=f(Vi, i)

3. Adaptation to changes in the system: For the flow
maximization problem, the only possible change that
can occur in the system is the increase or decrease of
the weight of some edges. Suppose the value of [;;

changes to l;j, the following four scenarios are consid-
ered when performing the Adaptation (V;, V;) opera-
tion:
(a) |fl > [;; and f(V;,V;) < 1, do nothing.
(b) |fl > l;; and f(V;,V;) = 1;;, then
( o)  =h(Vo)+3|V|
FVo, Vi) = lok forVVviy eV
FVie, Vo) = —lox forV Vv, € 4o
e(Vk) =2 vev f(V5; Vi) forvVV, eV
(c) if l;J <l;;and f(V;,V;) <l , do nothing.
(d) ifI;; < l;; and £(V;,V;) >lz],then
h(Vo) =h(Vo) + 3|V
FVo, Vi) = lok forVVviy eV
F(Ve, Vo) = —lok forVV, eV
e(V) =2 vev f(V5, Vi) forVV, eV
f(‘/;a ]) - 13,
f(Vga i) = _lz'j )
(Vi) =e(Vi)+ (i~ 1)
e(V;) =e(Vj) — (lij — lz’j)

In the above algorithm, the “Push’, ‘Relabel’, and ‘Re-
balance’ operations are called the basic operations. The
next theorem shows the optimality and complexity of the
Incremental Push-Relabel algorithm.

Theorem 3.1. The Incremental Push-Relabel algorithm
finds the maximum flow with O(n? - |V|? - |E|) basic op-
erations, where n is the number of adaptation operation
performed, |V| is the number of nodes in the graph, and
|E| is the number of edges in the graph.

In summary, the Base Problem can be transformed to
a standard network flow maximization problem by using
the ENF representation. The Incremental Push-Relabel al-
gorithm was further developed to solve the network flow
maximization problem in a distributed and adaptive fash-
ion. More details about the algorithm are available in [9].

4 Performance Optimization of the De
centralized and Adaptive Protocol

In this section, we study the performance optimizations
of a de-centralized and adaptive task allocation protocol,
which is based on the Incremental Push-Relabel algorithm.

The Incremental Push-Relabel algorithm is executed by
hypothetical nodes in the ENF representation. Yet we
can easily transport such executions to the actual compute
nodes: an actual compute node V; simply needs to execute
the ‘Push’, “‘Relabel’, ‘Rebalance’, and ‘Adaptation’ opera-
tions for all the ENF nodes that V; maps to. For the discus-
sion in the rest of this section, V; is used to refer to either
a compute node or an ENF node, which can be easily clari-
fied given the context. When V; and V; are used to refer to
compute nodes, f(V;,V;) is used to refer to the net amount
of flow from V; to V;.

The optimal task allocation generated by the Incremen-
tal Push-Relabel algorithm does not tell us how to allocate
the tasks yet. It only contains information like ‘V3 needs to
transfer 0.38 tasks to Vg in one unit of time’, or ‘V, needs
to compute 0.43 tasks in one unit of time’. But the tasks
are atomic and the actual system can only deal with integer
number of tasks. Furthermore, before the Incremental Push-
Relabel algorithm finds the optimal task allocation, a node,
say V;, may have a positive valued e(V;), which means V;
is accumulating tasks at that time instance. Yet tasks need
to be allocated in a way that the compute nodes do not ac-
cumulate more tasks than they can compute.

These issues are addressed by maintaining a task buffer
at each compute node, which contains the source data of
the tasks. Initially, the task buffer at the root node contains
all the source data and all other task buffers are empty. Let
b(V;) denote the length of the buffer at V;. At any time
instance, each compute node V; € V operates as follows:

1. Contact the adjacent compute node(s) and perform the
‘Push’, “‘Relabel’, “‘Rebalance’, and ‘Adaptation’ oper-
ations, if necessary.

2. If b(V;) > 0 and V; is not computing any task, then
set b(V;) < b(V;) — 1, remove one task from the task
buffer, and compute the task.

3. While b(V;) > 0and V; is computing a task, send mes-
sage ‘request to send’ to VVj, € o; s.t. f(V;, Vi) > 0.
If “‘clean to send’ is received from Vy, then set b(V;) «
b(V;) — 1 and send a task to V.



4. Upon receiving ‘request to send’, V; acknowledges
‘cleanto send’ if b(V;) < U. V; acknowledges a denial
if b(V;) > U. Here U is a pre-set threshold that limits
the maximum number of tasks a task buffer can hold.

However, several specifications need to be made before
the above procedure can be used as a practical task allo-
cation protocol. First of all, the value of U needs to deter-
mined. Secondly, if node V; has some spare tasks to transfer
to its neighbors but more than one neighbors want the tasks,
there should be a mechanism to solve the conflict among
these neighbors. The above procedure attempts to assem-
ble the Incremental Push-Relabel algorithm while generat-
ing integer-numbered task allocation. Since rounding the
optimal solution of a linear programming problem does not
always lead to an optimal solution of the corresponding in-
teger programming problem, it is interesting to know if such
a procedure may degrade the performance of the system. In
the rest of this section, performance optimization of the task
allocation is studied through simulations.

We simulate scenarios where compute resources are con-
nected via the Internet. Empirical studies [7] have shown
that the Internet topologies exhibit power laws (e.g. out-
degree v.s. rank, number of nodes v.s. outdegree, number
of node pairs within a neighborhood v.s. neighbor hood
size in hops, etc). Recent work in [16] has pointed out two
critical phenomena that generate the observed topological
properties: incremental growth and preferred connectivity.
In our simulations, the graph representations of the systems
are generated using Brite, which is a tool developed in [16]
that generates networks with power law characteristics. The
values of 1;;, ci", and c¢** are uniformly distributed be-
tween 0 and 1. w; is uniformly distributed between 0 and
Wmaz. Note that 1/w,,., represents the average computa-
tion/communication ratio of a task. We simulate the sce-
narios where wy,q; = 0.1 and w4, = 0.05, which rep-
resents computation/communication ratio of 10 and 20, re-
spectively.

4.1 Bandwidth Allocation

In our system model, we have assumed that the net-
work interface of the compute nodes can perform concur-
rent communications with multiple neighbors. However,
the available incoming(outgoing) bandwidth ci®(c¢%t) of
the network interfaces is shared by the concurrent commu-
nications. In order to allocate the tasks without any con-
flicts, we need a mechanism to allocate the bandwidth of
¢ and c2¥ to the multiple neighbors that are sending or
receiving tasks from the same compute node.

The allocation of bandwidth is usually performed by the
flow control of the network protocols, which are often built
into the kernel of the operating systems. Flow control aims
at congestion avoidance while ensuring high utilization of

the bandwidth resources and fairness among different con-
nections. By default, we can simply leave the allocation
of bandwidth to the flow control provided by the network
protocols, which, most probably, will evenly allocate the
bandwidth to different connections.

A slightly different solution is to modify or override the
default flow control and allocate the bandwidth by consid-
ering the weight of the connections. As for the weight-
ing of the connections, we have two strategies to choose
from. The first strategy weights the connections according
to the bandwidth of the links. For example, suppose Vi
with ¢§¥t = 10Mbps is transferring tasks concurrently to
four neighbors V5, V3, V4, and V5. Links (V3 — V,) and
(Vi — V3) have the same bandwidth [;2 = l13 = 5Mbps.
Links (Vi — V4) and (Vi — Vs) have the same band-
width lig = 15 = ].OMbpS. AlthOUgh lip = 5Mbp8 is
the maximum achievable bandwidth of link (V; — 14), the
actual communication bandwidth allocated to (V; — V3) is
only 10 X 15775 = 1.67Mbps in this scenario. This
is actually a greedy choice since network links with higher
bandwidth are given priority, with the hope that the tasks
can be distributed over the system faster.

As shown in [9], when the Incremental Push-Relabel
algorithm terminates, the resulting optimal task allocation
specifies not only which link to use, but also the num-
ber of tasks f(V;, V},) that should be transferred over each
link (V; — V%) in one unit of time. Our second strat-
egy for bandwidth allocation is based on the observation
that f(V;, V}) indicates the bandwidth requirement of link
Vi — Vi in the optimal task allocation. We allocate the
bandwidth of value f(V;, V%) to link V; — V. Such a
strategy is feasible since the Incremental Push-Relabel al-
gorithm guarantees that f(V;, V%) never exceeds the band-
width constraints of ;;, and the capability constraints of ¢¢“*
and ci™, even before the optimization is completed. In other
words, this strategy never allocates more bandwidth than
what is available.

In summary, we have three strategies for bandwidth al-
location: (1) even allocation, (2) proportional to the band-
width of the links, and (3) using the flow information pro-
vided by the Incremental Push-Relabel algorithm. Instead
of exploring the implementation details of various band-
width allocation strategies, which might involve program-
ming efforts such as the modification of the kernels, we
focus on the performance evaluation of these strategies
via simulations. In the simulations, the graphs are gener-
ated as discussed before, we simulated w4, = 0.05 and
wWmae = 0.1, Which represent communication/computation
ratio of 20 and 10, respectively. U, whose impact will be
discussed in detail in Section 4.2, is temporarily set to infin-
ity.

We first compare the steady state performance of the
three strategies. The parameters I;;, w;, cin, and c¢vt were
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assumed to be constant for this set of simulations. 800
randomly generated systems were simulated, 200 with 20
nodes and w;,q; = 0.05, 200 with 20 nodes and w4, =
0.1, 200 with 80 nodes and w;,,, = 0.05, and 200 with
80 nodes and w4, = 0.1. Initially, there are 2500 tasks
on node V. The throughput of a system is calculated as
2500/t qu, where t,y; is the overall computation time of
all tasks. The results in Figure 1 show the throughput
of the three bandwidth allocation strategies. The reported
throughput has been normalized with respect to the optimal
throughput, which was calculated offline. The results are
shown in the increasing order of the normalized throughput
of Strategy 1. As can be seen from these results, task allo-
cation using Strategy 3 achieves a close-to-optimal system
throughput. In most of the experiments, Strategy 3 outper-
forms Strategy 1 and 2. Throughput improvement by a fac-
tor of up to 2.54 was observed. For those experiments that
Strategy 2 or 3 outperforms Strategy 3, the performance of
the three strategies were close to the optimal, and the differ-
ence between these three was negligible.

Not only do the three strategies differ in their steady state
performance, they react to changes in the system differently.
This is illustrated in Figure 2. The system consists of 20
nodes. The adjacency matrix was initialized as discussed
above. wy,.; = 0.1. During the course of the simulation,
the network condition and the effective compute power of
the nodes were altered at time instance ¢ = 3000 such that
the compute power of a set of nodes was increased by 50%
and the bandwidth of a selected set of links was increased
by 20%. In Figure 2, the optimal throughput was calculated
offline. The actual throughput for time instance ¢ was cal-
culated as (N (t + 75) — N(t — 75))/150, where N(7) is
the number of tasks computed by the system from time 0 to
time 7. When ¢ < 75, the actual throughput was calculated
as N(t)/t.

When changes in the system occurs at ¢ = 3000, the
adaptation procedure was activated and the Incremental
Push-Relabel algorithm found a new optimal task alloca-
tion, which leads to a new optimal system throughput. All
three strategies attempted to improve the system throughput
by re-allocating the bandwidth of cZ“¢’s and ¢i"’s according
to the new optimal task allocation. As can be seen from Fig-
ure 2, while Strategy 3 achieved (close to) the new optimal
system throughput, Strategies 1 and 2 failed to do so. Al-
though Strategies 1 and 2 did improve the system through-
put to some extent, the improvement was not proportional
to the increase in the optimal throughput. In other words,
Strategies 1 and 2 cannot guarantee the optimality of the
system throughput under changes in the system, not even a
guaranteed tight upper bound on the performance degrada-
tion from the optimal throughput.

These simulation results show that being bandwidth al-
location based on fairness (Strategy 1) or greedy choices
(Strategy 2) does not necessarily lead to an optimal through-
put of the system. The compute nodes need to work in a
coordinated manner, as indicated by Strategy 3, in order to
obtain system-wide optimal resource utilization, as in our
case, the throughput.

4.2 TheSize of the Task Buffers

The task buffers are used to discretize the real-valued
optimal task allocation generated by the Incremental Push-
Relabel algorithm. In terms of storage requirement on the
compute nodes, small buffers are preferred. However, larger
buffer sizes enable a higher utilization of the network re-
sources since task transfers do not have to be suspended
while waiting for the receiver nodes to clear space in their
task buffers. In this section, we study the impact of the
buffer size on the performance of the system. Bandwidth
Allocation Strategy 3, the best one as shown in Section 4.1,
is used in this section. To simplify the discussions, we as-
sume that all the compute nodes have task buffers of the
same size U.

If the size of the task buffersis setto U = oo, then a good
indicator of storage requirement is the maximum length of
task buffer that is actually consumed. This is illustrated
through the simulations of 400 randomly generated systems
With wme, = 0.05, 200 with 20 nodes and another 200
with 40 nodes. No changes occurred to the system during
the simulations, hence no adaptations were activated. For
each system, there were 2500 tasks on root node Vj initially
and all the nodes in the system have infinite task buffers.
We monitored the maximum buffer consumed by each in-
dividual compute node and the results are summarized in
Figure 3 in the form of histogram. The histogram in Fig-
ure 3 (a) is computed over all the 20-node systems (200
such systems in total), and the histogram in Figure 3 (b) is
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Figure 1. Performance comparison of three bandwidth allocation strategies. Details of the three
strategies are discussed in Section 4.1. The X-axis represents the 200 experiments, for each com-

parison.
calculated off-line.

computed over all the 40-node systems (200 such systems
in total). The results in figure 3 show that task buffers of
size 4 can cover more than 99% of the cases. More inter-
estingly, task buffers of size 1 is big enough for more than
80% of the cases.

The following simulation results illustrate the impact on
the system performance when the sizes of the task buffers
are limited. We conducted simulations on the same 400 sys-
tems that were used to generate the results in Figure 3, but
U was no longer set to infinity. For each system, we con-
ducted two separated simulations, one with U = 5 and the
other with U = 1. Again no changes to the systems oc-
curred during the simulations. The results are shown in Fig-
ure 4, in the increasing order of the normalized throughput

The reported throughput has been normalized with respect to the optimal throughput

of scenarios with U = 1. We can see that U = 5 leads
to a higher, and closer to optimal, throughput than U = 1.
We have observed in the simulations that further increas-
ing the value of U did increase the system throughout. The
benefit, however, becomes marginal as U gets larger, since
the newly increased task buffers are rarely used. When the
system was dynamic, similar results were observed, which
shows that our task allocation does not need a large task
buffer to adapt. Figure 5 shows one such example where
the system consisted of 20 nodes and changes in the system
occurred at time ¢ = 2000 and ¢t = 6000.

These simulation results show that our task allocation
protocol is resource efficient as it requires only a moder-
ate amount of local storages (task buffers) on the compute
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Figure 3. Histogram of maximum length of consumed task buffer. The y—axis represents the total
number of occurrence of a specific maximum task buffer length.

nodes. Consequently, the task buffers can be managed eas-
ily as they need not to be of the same size on all the com-
pute nodes. Initially, each compute node simply allocates a
task buffer that can contain a small number of, say 5, tasks.
In most of the cases, this task buffer suffices the operation
of our task allocation protocol. In the rare cases that more
task buffer spaces are needed to receive a new task, allo-
cate more local storage if this is allowed by the compute
node, otherwise, simply ignore or reject the task transfer re-
quest. This reject-if-buffer-full policy is easy to implement
and can achieve close to the optimal system throughput, as
verified through the simulations.

5 Conclusion

In this paper, we focused on the class of applications that
compute a large set of equal-sized independent tasks in a
distributed computing system. We studied the practical is-
sues in the implementation of a distributed and adaptive task
allocation protocol. This protocol is based on the Incremen-
tal Push-Relabel algorithm developed in our previous study.
We designed a bandwidth allocation strategy to coordinate
the concurrent communications that transfer data to/from
the same node. This strategy, as shown by the simulations,
outperforms the fairness- or greedy- based strategy by a fac-
tor of upto 2.54. Since tasks are atomic and the real-valued
task allocation generated by the Incremental Push-Relabel
cannot be directly applied, task buffers are used in our pro-
tocol to convert the real-valued task allocation to integer-
valued allocation. We showed that only a moderate amount
of local storage is required by the task buffers. This leads

to a simple task buffer management policy that grows the
task buffer if allowed and rejects task transfers when the
task buffer overflows. Simulations show that such a pol-
icy, when combined with our bandwidth allocation strategy,
ensures close to optimal system throughput.
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