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Abstract—This paper investigates scheduling loosely coupled

task-bundles in highly heterogeneous distributed systemgwo
allocation quality metrics are used in pay-per-service dis
tributed applications: efficiency in terms of social welfae, and
fairness in terms of envy-freeness. The first contribution bthis
work is that we build a unified hypergraph scheduling model
under which efficiency and fairness are compatible with each
other. Second, in the scenario of budget-unawareness, werfo
mulate a strategic algorithm design for distributed negotations
among autonomous self-interested computing peers and prev
its convergence to complete local efficiency and envy-freess.
Third, we add budget limitation to the allocation problem and
propose a class of hill-climbing heuristics in favor of diferent
performance metrics. Finally we conduct extensive simulans
to validate the performance of all the proposed algorithms.
The results show that the decentralized hypergraph schedirg
method is scalable, and yields desired allocation perfornrece
in various scenarios.

Keywords-task scheduling; distributed systems; envy-free
allocation; hypergraph

I. INTRODUCTION

The ever-increasing demand for computing power moti
vates recent advances in multi-core technologies and hig
speed networking, rendering a variety of massively pdralle
and distributed computing platforms, such as p2p, grid, aanl
emerging cloud computing in both academic and industriale
communities. Although the computing power grows by
leaps and bounds, the development of efficient schedulin
mechanisms need to keep up with the pace. As in mod
ern applications, autonomous and geographically didetbu
computers are not subject to central coordination, maléng r
source and task scheduling decisions extremely compticate
In addition, multiple objectives for scheduling mechanism
design pose more challenges. For example, independe
task-bundle allocation problem can be evaluated in term
of efficiency and fairness respectively, but there lacks
unified model taking both criteria into account. We fill this
gap by introducing a task-bundle allocation model base
on directed hypergraph. The proposed model operates
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highly autonomous computers in heterogeneous distributed
environment, and strives to achieve both efficient and fair
allocation within possible cost constraints.

In our previous work [1], we proposed efficient task-
bundle allocation algorithm using self-adaptive auctions
To precisely capture the real time scenario and mitigate
scheduling complexity we adopted a hierarchical parallel
system model, which addresses enhanced site cooperation
among different organizations. In such a model the system
is no longer a flat orchestration of geographically scattere
computers, but consists of schedulers at different adindnis
tive levels and highly dynamic individual computing peers.
User requests are represented by independent tasks known
as BoT (Bags-of-Tasks) [2], and are fulfilled by computing
peers who contribute resources in exchange for either real o
virtual monetary values. In that sense, although task aloc
tion problem is NP-hard with no provable optimal solution
exists, we circumvent the central scheduling overheads by
formulating a distributed market-oriented framework wener
individual rational agents negotiate iteratively for dedi

esults. In this paper we further jointly address two eco-
homically significant metrics for allocation: efficiencydan
fairness. The allocation efficiency is expressed as theativer
aluations of the society, and fairness is interpreted as
nvy-freeness across all computing peers. We show how
these two seemingly conflicting requirements are integrate
gsing a directed hypergraph model. Moreover we investigate
scheduling strategies for individual computing peer with
and without budget constraint, and evaluate the scheduling
performance through extensive simulations using SimGrid.
The contribution of this paper is four-fold: 1) we for-
mulate a novel directed hypergraph model addressing both
Bfocation efficiency and fairness in the market-oriensestkt

Bundle allocation; 2) inspired by [3] and [4], we propose and
aanalyze scheduling mechanisms for budget-free scenadio an
(gevelop negotiation strategy for self-interested compute

sing the proposed hypergraph model; 3) we investigate

Oﬁ'egotiation strategies for individual computing peers fom t

presence of budget constraint in favor of efficiency, fasme
and profits respectively; 4) we perform extensive simula-



tions to verify the performance of the proposed allocationfrom axiomatic theory of equity. To the best of our knowl-
mechanisms. edge, we are the first to integrate both allocation efficiency

The rest of the paper is organized as follows. Section lin terms of overall social welfare, and envy-freeness among
presents an overview of related work. In Section Il we selfish individuals into one unified scheduling model.
describe the target problem and formulate a unified hyper- A hypergraph is a mathematical extension of conven-
graph model for allocation mechanism design. In Section IMional graph. It is different from a graph in that one
we develop a distributed negotiation strategy to achieveedge (called a hyperedge) can connect an arbitrary set of
locally efficient and fair allocation under the directed hy- vertices rather than only two vertices. Over the past few
pergraph model. Section V further investigates allocatioryears, various hypergraph partitioning heuristics based o
strategies with limited budget, and presents a series dhe Kernighan-Lin [21] method have been proposed. They
negotiation strategies (HCN) based on hill climbing in favo are fast and effectively achieve maximum parallel efficienc
of efficiency, fairness and profits respectively. Section Viwhile minimizing costs associated with cut-net, resulting
exhibits extensive simulation results and finally, Sectdh  considerable applications of hypergraph model in multiple
concludes the paper. research domains such as wireless networks [22], [23],
VLSI circuit design [24], memory management [25] and
automated theorem [26]. For large scale scientific comput-

In recent years, the impact of economic and game theoring, Catalylirek and Aykanat [27] pioneered in developing
has been widely investigated in context of task and resourckeuristic methods for mapping repeated sparse matrievect
scheduling in parallel and distributed systems [5], [6], [7 computations to multicomputers. Compared to graph models
[8]. This trend is largely due to the following observa- the hypergraph based method significantly reduces com-
tions: design similarity of market operating mechanisms an munication overheads while achieving drastically impbve
scheduling principles; and role similarity of rational eco mapping results. A multilevel partitioning algorithm was
nomic individuals and egocentric heterogeneous computeréurther developed [28] and was applied to periodic dynamic
As a result game theoretic methods become popular foworkload balancing in adaptive scientific computationg[29
modeling non-cooperative, large-scale distributed emvir
ments. In a series of publications [9], [10], [11] Archer Et a
highlighted and rectified drawbacks of the Vickrey-Clarke- In this section, we present a novel directed hypergraph
Groves (VCG) mechanism [12], [13], [14], and proposedmodel for task-bundle allocation in heterogeneous dis-
mechanism design approaches promoting honest strategy tfbuted systems. We begin with basic notations and as-
rational agents. In [15] the authors studied how to measureumptions and describe the task-bundle allocation problem
the economic value of heterogeneous resources. For falor more details of system and application model, we refer
resource scheduling, Kim and Buyya [16] proposed a heurisreaders to our previous work [1]. We then formulate a unified
tic algorithm for job queuing model on hierarchical multi- hypergraph model which integrates efficiency and fairness
organizational grids. The method is effective in reducingcriteria using a three-dimensional task-peer matrix.
the total job waiting time. In [17], the authors presented o o
a max-min fair resource sharing mechanism. Similar tg® Preliminary Definitions
fair bandwidth sharing in network research, when resource Let P = {p;...p,,} denote a finite set of heterogeneous
congestion happens, CPU rate assigned to the task is fairlyeographically distributed computing peers (peers fort3ho
reduced so that each user gets its share proportional twonnected via network, and 18 = {¢;...t,,} be a set of
the user’s weight. In short, existing research mainly focusndependent parallel tasks with identical attributestadks
on overall system performance such as average completidrave the same computational and communication size. Also
and makespan time, and relatively few authors address irwe havem > n for allocation. An allocation of tasks is
dividual economic performance, which is equally importantdefined as a mapping functiot(T) — P, more specifically:
in scheduling [18]. For example, in the well-known cake - .. .. . .

Definition 1. Allocation: An allocation A =

cutting problem [19] resources are fairly allocated to self %1’ Ay, ... A} is a mapping of tasks to peer(T) — P,

Il. RELATED WORK

IIl. AHYPERGRAPHBASED ALLOCATION MODEL

interested agen_ts such that everyone achieves the maximumm. L et satisfiesd (4, — 0, andJ A, — A.
contentment of its share, called envy-freeness. In thigpap

we address the fair allocation issue extending previousty d We assume a private value model, indicating that each
veloped socially efficient allocation framework [1]. A more peer is mutually blind to each other and evaluates its
related work proposed on similar system model is foundask-bundle independently. Thealuation of peer p; for

in [20]. Using game theory, the authors conclude that forcurrent allocationd; is represented aB;(A;), and follows
fair and feasible scheduling on global scale computationathe constraints ofi;(#) = 0 and V;(A;) > V;(AF) for
grid, a strong community control is required. However theall 4, O A}. Moreover, valuation is modular, that is:
concepts of scheduling efficiency and fairness are derive®;(A4; U A4;) = Vi(4;) + Vi(4,) — Vi(4; N A;) for all



bundles 4;, A; C A. The overall system valuation of peers.
all tasks over current allocation is callesbcial welfare

w =" Vi(A;), which defines the first allocation metric: C. A Directed Hypergraph Model For Task-Bundle Alloca-
h tion
Definition 2. Efficient Allocation: Let I' be the set of all

possible allocations, an efficient allocation is an allarat
A ={Ay, As, ..., A, } which maximizes the social welfare:
Wmar = MaXAeT EmEP ‘/1(141)

To model the task-bundle allocation problem in hyper-
graph, multiple objectives should be unified in a way that
vertices represent the allocated tasks associated wittaval
tions on current allocation, and edges reflect envy relation

In order to acquire tasks from another peer, monetanacross peers. Both objectives are characterized in mgrice
compensation is involved in the exchange process. A payramedAllocation Matrix (AM) , and Envy Matrix (EM)
ment functiony; ;, represents such compensation amountespectively. The allocation matrix is an x n matrix that
p; pays top;. If ¢, ; is negative, therp; receives money represents current allocation situation. More specifjcall
from p;. Each peer keeps a record of its payment history,
andp;'s payment balance is defined as the summation of its 1
withdrawals and deposits at all deafs:= > ¢,;. For each Q= {
task migration between peers (we call it a deal), we assume
all peers are self-interested, and the deal must be rational On the other hand, the envy matrix stands for envy
Forma”y, suppose after task m|grat|on happens allonatio relatlonshlp across all peers. Accordlng to definition 3 for
to p; becomesd;, a deal is &Rational Deal (RD) for p; iff ~ fair allocation, peep; enviesp; only when (a)p; is in pi's
Vi(A;)—Vi(A;) > ¢, for all p; € P. Suppose after a series neighboring set in physical topology, which meansand
of RDs p; obtains allocation4? with payment balancéz, p; can negotiate directly for task-bundle exchange, and (b)
the utility of p; is given asU; (AO) = Vi(A?9) — if p; andp; swaps allocationp; will get increased utility.

Now with all the notations and hypotheses we defineAt the beginning of each negotiation, each peer will check
the second allocation criterion — fairness. In this papeits neighboring peers and figures out é@svy setA;. The
fairness is interpreted as envy-freeness [30], indicatirag ~ @lgorithm of envy set update for each peer is described in
no peer would get better off by exchanging its currentAlgorithm 1.
allocation with another peer using an RD. Here we adopt
the definition [3] taking both valuation and payment balanceAlgorithm 1 Envy Set Update fop;
into consideration. for all p; € P do

/xscanning neighboring set
for all p; belongs to the neighboring sdb

/*Finds current task-bundle g/
for all o ; =1 do
if Vi(tx) > V;(tx) then
e If no hyper-arc existed fronp; to

processor holds task:
0 otherwise

Definition 3. Fair Allocation: Let I' be the set of all
possible allocations, an allocation is called a fair altara
iff there existsA = {A;, As,...,A,} € T such that: a)
Vpi,p; € P,p; andp; has direct network connection; b)
Ui(Ai) = Ui(4;).

In modern parallel systems consisting of geographically p;, builds a hyper-arc fronp; to the
distributed autonomous sites, a budget transfer mechanism hyper-node whos&;; = k
may be employed to enforce incentives for community e Addsp; to p;'s envy set if it is not
control [31]. For example, in p2p and social network, some there
form of digital cash, or numerical reputations representin e Addsty to p;'s wishing list
trust may be used for rewarding and punishing certain end if
actions. In this work we analyze negotiation strategies wit end for
and without budget limitations. From now on we label the end for
scenario without budget constraibudget-unawarg and end for

refer to the later scenario &sidget-aware

Once the envy set update for each peer is done, the

_ o o o envy matrix is confirmed. It is defined to represent envy
Given any initial allocationA™ projectingT onto P, the  re|ationship across all peers. In particular we have:
goal of this research is to develop a task exchange strategy

for autonomous peers in order to achieve efficiency and 1 s in s envy set
fairness as much as possible. We first study the allocation €= {0 g%herwié)é y

strategy for the budget-unaware scenario. Next we add com-

plexity to cope with budget constraint and investigate pos- Suppose the network topology together with envy are
sible payment and offer selection policies for self-ingted  depicted as a envy graph. Figure 1 displays an example of

B. Problem Statement



transition from envy graph to envy matrix. Note that the envy Envy Matrix () Hyper-node X (Tig, Peur, A)

representation is directional and according to the dedimiti
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Figure 1. Transition from envy graph to envy matrix. In thenegraph,
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each circle stands for a computing peer and they are conhesiag a

mesh structure. The directed arrow from one peer to anotgresents n

envy relation. Figure 2. Hypergraph Allocation Model. The proposed diddtypergraph
model derives from amn x n x n matrix. A hypergraph vertex is repre-

Each of the matrices defined above merely considers ongented by nonzero elements on the column of EM matrix (se)faeach
processor launches a hyper-arc (not shown) pointing to theertnodes

aspect Of allocation prqperties (current allocation Vﬂdlm whose corresponding task-bundle is more appreciated dnptiogessor,
and unfairness respectively). Here we present a unified hybut allocated to others.

pergraph model taking both aspects into account. A directed
hypergraphH = (X, FE) is composed of a finite non- . .
empty setX of hyper-nodes and a finite non-empty set gorithms later on. In the @rected _hypergraph_ model each
E C 2% of hyper-arcs. A hyper-arc is directional, and unlike hyper-node has an assomat.ed weight (va!ua_tlon of current
traditional graph model, a hyper-arc is able to link arfitra task—bundle),_ and envy relations reflected in mtercormb_ct
number of hyper-nodes simultaneously. In the propose(ljlyper_-ar_cs with other peers. The problem becomes finding a
directed hypergraph model, we build a three-dimensionaii€gotiation strategy for each peer to reallocate hypeesod
matrix integrating both AM and EM. The information of task Which eliminates degree of unfairness on hyper-arcs as many
allocation and envy relation are mapped ontoma 1 x 1 as possible while improving overall weights of the entire
matrix, as shown in Figure 2. Specifically, a hyper-node>yStem-
(Equation 1) is represented in a three-tugl@s, Peur, A). IV. ALLOCATION WITHOUT BUDGET CONSTRAINT
T;q represents the task I0¥,,,. infers the peer ID currently
holding taskT;4, and A is P.,,'s envy set established in
Algorithm 1. A hyper-arc is initiated by any peer who has a
nonempty envy set, say, and connects a set of hyper-nodes
who are currently allocated to peers belongingfs envy _ :
setA;, and lower valued inP,,, than in P; (Equation 2). Thereforep; will compensate forp; with paymenty;,
If p; € A, We sayp; enviesp; on hyper-noder; iff in ordgr to ggt task-bundl&™* ¢ T._In our.tas.k-bun_dle
Vi(To € 25) > Vj(Tiq € @2). allocation settings, each peer negotiates with its neighbo
using Rational Deals (RD), and requests task-bundle repre-
sented by hyper-nodes through hyper-arcs. Intuition on RD
v = (Tiq, Pour, ) € X indicates that they beneficially contribute to push taskelbe
St.TyeT to agents who value them more. Therefore, any sequence
(1) of RD will reach efficient allocation based on the following
observations: 1) RD will increase system valuation acecaydi
A={ep,, k=11<k<n} to the definition; and 2) if no more RD could happen, then
Hyper-arc definition: A hyper-arce € E connects peer the allocation must reach its maximum social welfare. Since
we are interested in designing negotiation strategy within
the directed hypergraph model, we would like to explore
{Pewr|Peur € x} € {AJA € 2} 5 the influence of RD for hyper-node flow through hyper-
Vi(Tiq € ) > Vour(Tia € ) @ arcs (task-bundle reallocation). Recall that in Sectibnvi

o ) ) assume valuations are modular, which is necessary to get
The hyper-arc definition implies possible business chanceg,q following convergence result [32]:

for p;, which is helpful for building the negotiation al-
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In this section we develop a distributed negotiation strat-
egy for the budget-unaware scenario. Figure 3 displays
an example of task-bundle exchange betwgerand p;.
Suppose under current allocatieh) p; is in p;'s envy set.

Hypernode definition: A hypernode is a three-tuple:

Py, € P,ande; p,,. =1

p; to x, p; — x iff:



Proposition 1. Convergence to efficiencylf valuations of  in the deal,V;(A;) — Vi(A4;) equals to0, so each of them

each peer are modular, then any sequence of RD involvingeceives an equal share of social surplus. Here we show that

any number of task exchange will eventually yield to sogiall function GUPF falls into the derived bound of rational pay

efficient allocation. (Equation 3), thus GUPF and RD are compatible with each
other.

i

Lemma 1. Suppose after one RD we select GUPF as the
payment function for the deal betwegnandp;, then GUPF
must be rational fop; andp;.

e
-
e

Proof: It is obvious that social surplus at least does not
decrease after the RD happens. Therefgré) —w(A) > 0.

Next we prove that GUPE- V;(A,) — V;(A;). According
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; to the definition of social welfare we have:
\‘ " <>
%o % ; : ;
o3
- - XS w(A) —w(A) = [ Y Vi + Vi(Ai) + Vi (4;)]
k#i,j
Figure 3. Example of task-bundle exchange betwpgrand p;. The _ - ) . )
ellipses represent computing peers while the diamondsesept tasks [Z Vi + Vl(Al) + VJ(AJ )]
waiting to be allocated. Takp; as an example, the red line going out k#i,j
of p; stands for a hyper-arc. Therefore there are three peeps'srenvy — V(AN V(AN — [V N _V.(A.
set includingp;. In p; three tasks (hyper-nodes) have higher valuations in [Vi(Ai) = Vi(Ai)] = [V (4) = Vi(45)]
p; and they are included in the red dashed circle. Hyper-nooesnaved As a result. the foIIowing inequality stands:

from p; to p; and corresponding payments are paidziy
_Now suppose after the negotiation, allocation becomes ;. (1.) _ vi(A,)] — [V;(A,) — V;(4,)] > w(4) —w(A)
A, we ask how much amount is appropriate to pay for ' T n
each negotiation process as described in Figure 3 to get Rearrange this inequality gives GUBFV; (A4;)—V;(4;).
desired allocation. First note that payment should bematio  Finally we have:
therefore the deal is bilaterally beneficial to both peers
involved in the deal if: ~ _
GUPF e [V(4) = V;(4)). Vi(di) — Vi(4:)]
- 3) ]
Vi(4y) = Vi(4)) 2 i In addition, to ensure that the final allocation can reach
Resolving Equation 3 makes payment functipyy; falls  envy-freeness with RDs, an one-off payment caikitial
into [V;(A;) — Vi(4;),Vi(A;) — Vi(A;)]. Apparently a equitability payment is introduced [4] before all negoti-
mutual beneficial deal at least does not decrease the overaltions happen. Each agent pays the amount of its current
social welfarew. bundle valuation for initial allocation, and receives amna&q
. share of social welfare. The initial equitability payment
A. Convergence Conditions ) for p; is defined asy’ = V;(A?) — %"‘0). The authors
_Chevaleyre et al. [3], [4] theoretically analyzed the con-cqncjyde that suppose all valuations are modular and linitia
d|t|ons for convergence to efficiency and envy—freeness f%quitability payments have been paid by all peers, paying
multi-agent systems. One central conclusion is that effiy;it, GUPF at each negotiation process with any sequence
ciency and faimess are compatible in multi-agentnegotiat \jj| eventually lead to efficient and fair allocation [4].
framework. To support this conclusion, a proper paymeni,ever, in the multi-agent system one agent is able to
function is selected to deal with the increased social ssrpl negotiate with another without topology constraint. Heee w
w(4) — w(A) after each deal. In [3] a payment function 4 jnterested in how these conditions will influence our
called Globally Uniform Payment Function (GUPF) is  pegotiation strategy design under the directed hypergraph

proposed to facilitate the convergence. Suppbsd A ar®  model. The design and analysis are presented in the later
allocations before and after the deal respectively, we .haveparts of this section.

Vi(A;) = Vi(A) > i

[w(A) —w(A)] 4 B. Negotiation Strategy Design

n We propose a decentralized algorithm, in which negotia-
Equation 4 is defined as globally uniform because thigion process is conducted independently by each peer. After
payment is required for all peers. For peers not involvednitial payments have been made at the start of the whole

GUPF: ¢; = [Vi(4;) — Vi(Ay)] —



process, each peer performs two activities during the megotAlgorithm 2 Budget-unaware Negotiation Strategy
ation: making offer and selecting offer. For pegrit makes Establishes initial hypergraph

offer by traversing each of its hyper-arcs and requestsrtaype for all p; € P do

nodes representing envious task-bundle connected by that Makes initial equitability paymenp®
hyper-arc; at the same time it may receive multiple offers end for

from its neighbors. With unlimited budget, at each time of while available offer number- 0 do

negotiation each peer randomly picks an offer and makes for all p; € P do
announcement of the deal. After that transaction realized Offer Making Strategy—
each peer calculates corresponding GUPF and updates the while p;'s envy setA; # () do
balance. a) Randomly pickg; from its hyper-arc
For better algorithm evaluation, we adopt the concept of b) Accesses hyper-node set through hyper-
envy degree defined in [4] to represent unfairness numeri- arc
cally: c) Makes offer

if p; accepts offethen
e Finalizes hyper-nodes move
e Removey; from hyper-arc
e Reevaluates envy se; using Al-
gorithm 1 and updates hypergraph

Definition 4. Envy Degree Envy Degrees; ; characterizes
extent of envy betweep; andp;, specifically:

0'1'_’]' = maX{Ui(/L-, él) — Ul(Al, 91), O}

And the overall unfairness is the sum of envy degrees end if
from all the hyper-arcs. Note that negotiation betwggand end while
p; eliminates envy between them, but may create intensive ——Offer Selection Strategy—
envy with other peers, causingscillation of the overall while offers on the tablelo
envy degree. Finally we define the termination condition as a) Randomly selects offer and notifies its
no more offers are available in the system. The complete sender
procedure is shown in Algorithm 2. b) Finalizes hyper-nodes move
C. Algorithm Analysis . c)h[\llotifies all peers to pay GUPF
We analyze utility variation of each peer after one deal end ?onr white
happens. By using Algorithm 2 we have the following end while

lemma for individual utility:

Lemma 2. If each peer pays initial equitablitiy payments at

start and uses GUPF at each negotiation, then all peers haygy network are free of envy iffl;(4;) > Vi(4;) at
HHN. w(A . : ) ) i\41i) = % at
the same utility:U;(A;) = —(n ) at each allocation. final allocation. Now with Lemma 2 we show that defining

Proof Sketch: First we show that balancé; of p; fairness using accumulated utility (Definition 3) is actyal
remains invariant after each deal happens [4]. Apparentifompatible with this valuation-based fairness.

this is true for the base case, where equitability payment isheorem 1. The valuation-based envy-freeness definition is
used. Next il(%pose at allocatieh p;’'s balancef; equals  compatible with its utility counterpart in Algorithm 2 (Defi
to Vi(A;) — ==, then after allocation changes t with  pition 3), that is:(V;(4;) > Vi(A))) ~ (Ui(A;) > Ui(4;)).

GUPF, adding GUPF{(V;(4;) — Vi(A4;)) — (24 — 2
g Hvi(di) (4) 5(14{)1 ol proof: From Lemma 2 we know that balance mf at

to p;'s balance atd leads tof; = Vi(4) — == allocation A always equals td/;(4;) — %. Therefore in

. - . . n ’ .
Now with this invariant, for each pees;, at allocationA budget-unaware case by taking balances into consideration
we actually have:

its utility is computed as:

Ui(A;) = Vi(Ai) — 6;
w(A) Ui(Ai) = Ui(4;)
= Vi(4;) — (Vi(4:) —
(40) = (Vi) = =) -
- W(A) w(A w(A)
e Vi) - i) - 24 5 vy - 4y - 44
That is, after each deal every peer gets the utility of equal N
share of social welfare. ]
In economics and Al community, the concept of envy- (V;(4;) 2 Vi(45)) = (Ui(Ai) 2 Ui(4;))
freeness is commonly defined as free of valuation imbal- u

ances for all individual agents. That is, two peers conmkcte Next we answer the question of whether the maximum



social welfare is attained after Algorithm 2 terminates.allocationA is complete locally efficient. Suppose this con-
Unfortunately the globally efficient allocation does notne clusion is not correct, then according to Algorithm 1 there
essarily exist with respect to partially connected systach a must be at least one valid offer not being handled, which
we prove this by example: contradicts the fact that the algorithm has been terminated
Next we show that this locally efficient allocation is also
fair. Recall that two peers can be involved in envy relation
only if there exists a link between them. Now suppgse
andp; be any two agents connected by network. According
Proof: We consider a system with three peers andto Definition 5 transferringp;'s allocation top; will not
one task initially assigned tp;, and peers have different increasew(A):
valuations on that task, as shown in Figure 4. Network
links exist betweer{p;, po} and{p1,ps}. According to the Vi(Ay) + Vi(A;) > Vi(A; U A))
procedure of envy set update described in Algorithm 1 both
p2 andps enviesp; on that task. However, in Algorithm 2,
the offer arriving order is unpredictable and no restrit$io
are placed on offer selection ordgf, may accept offer from

Theorem 2. For a partially connected distributed system,
a globally efficient allocation may not be achieved after
execution of Algorithm 2.

As valuations are modulai;(4; U A;) = Vi(4;) +
Vi(A;) = Vi(A; N A;). SinceA; N A; = 0, we have:

ps and sends that task t@. As no link exists betweep, Vi(4;) > Vi(4))

and ps, the allocation is final. This apparently contradicts PN

the globally efficient allocation, where the task should be . . w(A) . . w(A)

dispatched tq». Vildi) = (Vi(Ai) = — =) 2 Vi(4y) = (Vi(4;) = ——)
Before Deal After Deal

From Lemma 2 we know thaVi(Ai) — %A) equals to
6; and V;(4;) — ) equals tod; at final allocationA.

Therefore we havé/;(A;) > U;(A;) for every connected
pair of computing peers. Specially, for a complete conrtecte
distributed system the allocation after executing Aldurit2

is guaranteed to be globally efficient and fair. ]

V. BUDGET-AWARE NEGOTIATION STRATEGY

v=7 V=6

. R ) In this section we add complexity to the task-bundle
Figure 4.  Proof to theorem 2: solid lines represent links aotbred . . .
dashed lines represent hyper-arcs for envy allocation problem with preset budget constraint on alkpee
Let b; be p;’s budget at current allocatiod andb? be the
initial budget, we formally define budget constraint for

[ ]
Although Algorithm 2 using hypergraph scheduling does@s follows:

not necessarily yield to globally efficient allocation, &k pefinition 6. Budget Constraint Budget constrainth;

have the effect of pushing tasks all the way to its localgypresses maximum amountis able to offer at allocation
center peer who appreciates them most. For final allocationy Specifically:

achieved by Algorithm 2 we have the following definition
defining its efficiency: b; = b0 — 0,

Definition 5. Complete Locally Efficient Allocation: A
complete locally efficient allocation is an allocation sticht
for every peer, the allocation for the sub-topology coiirsist
of that peer and its neighbors is efficient.

With the limitation of budgetp; will decide its payment
v, ; for making offer in the range of:

At last, we show that by using GUPF and initial equi- 7%/ < [V(45) = V3 (4;), min{Vi(4s) = Vi(4i), b:}] (5)

tability payment proposed in [4], our algorithm convergest  As payment is not arbitrary for each deal, Algorithm 2
the complete locally efficient allocation (Definition 5) and presented in the previous section no longer fits. For instanc
fairness (Definition 3) at the same time upon termination. for extreme case in which initial budggt equals to zerop;
Theorem 3. Upon termination, Algorithm 2 for budget- IS ngt cgpable of malélng any.palyment, thus requiring initial
. : L equitability paymenty? at beginning for all peers is impos-
unaware scenario achieves complete locally efficient allo-_. . : . . .
! . . sible. In this section we modify Algorithm 2 by proposing
cation and fairness at the same time. o . o S
a local search negotiation strategy using hill climbingisit

Proof: First we prove that when terminates, the resultfast and easy to implement, and effective in finding local



optimal allocation using the directed hypergraph modelAlgorithm 3 Budget-aware Hill Climbing Negotiation: (a) Valu-

The foundation of theHill Climbing Negotiation (HCN)

ation Oriented (b) Envy Oriented (c) Utility Oriented

is built upon the observation that, any payment function EStablishes initial hypergraph _
following rational exchange does no harm to the overall While there exists at least one offer makey' ; o;(A) —

social welfare. Therefore at each negotiation step if a deal
happens using a rational payment function subject to budget
constraint (Equation 5), it at least does not impair thealoci
efficiency. As such HCN strives to find local minimum of
total envy degree in the system while maintaining non-
decreasing efficiency.

In the budget-aware negotiation process, each peer checks
its envious task-bundle and finds out envy set following
Algorithm 1. When multiple offers arrive, the peer evalisate
each offer by tentatively moving the envious task-bundle
to the offer provider, and calculates corresponding system
envy degree change after the tentative deal. If the overall
envy degree does decrease then the offer is valid and
marked as one potential selection. When there are multiple
valid offers available we propose three versions of HCN
in favor of valuation, envy degree and profit respectively.
Each of them represents different paths to reach the local
minimal, hence maximum reachable fairness under budget
constraint. InvValuation oriented HCN (V-HCN) p; selects
the deal with the highest social welfare gain; Envy
oriented HCN (E-HCN) p; picks the deal reducing most
overall envy degree; and dtility oriented HCN (U-HCN)
the offer with the highest side utility that equals to the
difference of payment and exchanged task-bundle valuation
is selected. The complete description of HCN is illustrated
in Algorithm 3.

VI. PERFORMANCEEVALUATION

In this section we investigate the performance of afore-
mentioned hypergraph scheduling strategies through three
sets of simulations. First we implement Algorithm 2 for
budget-unaware performance validation. In the second set
of simulations we compare V-HCN, E-HCN and U-HCN

Z?:l 0'1(14) < 0do
for all p; € P do

Offer Making Strategy
while p;'s envy set# () do
1) Sorts potential deals on hyper-arc ac-
cording to envy degree
2) Selectsp; with highesto; ;
3) Randomly selects payment within
[Vi(4;) = Vi(4;),min{Vi(4;) —
Vi(4;), bi}]
if p; accepts offethen
1) Finalize hyper-nodes move
2) Reevaluates envy using Algo-
rithm 1 and updates hypergraph
end if
end while
Offer Selection Strategy.
while offers on the tablalo
Selects offer with

(a) highest social welfare gainr
(b) largest envy degree decrease,
(c) highest side utility increase

/+Evaluates potential deal

it S 0i(A) < 327 0i(A) then
Accepts offer

else
Back to loop beginning and reselects
offer

end if

end while

end for
end while

in various performance metrics, and finally in the third set
of simulation we analyze the effects of different bidding
strategies and examine performance impact of initial btidge
settings.

A. Simulation Settings

scale ranging from0 to 80 computing peers, and for budget-
aware simulations we used a small system v@ithpeers.
We also created multiple independent tasks with identical

All the scheduling algorithms are implemented using theattributes of computational siz&., and communication size

SimGrid framework [33]. Specifically all the core func- S.,,, and at each run the number of tasks is set to be
tions of hypergraph scheduling are implemented using théour times of the peer number. In experiments of [4] task
application-level simulation interfaces in MSG module of valuations for each peer are simply randomly generated.
SimGrid V3.2. To accommodate heterogeneity, we createdHere we propose a strategy which limits the maximum
computing platforms and network deployments in accorvaluation v]*** of each peerp; and uniformly distributes
dance with realistic resource distributions of heterogese p;’s valuation for each single unit of task ovt, ..., v/},
desktop grid environment [1] and encapsulated the conThis method better differentiates the peers based on the
figuration information in separat¥ML files. For budget- heterogeneity nature of the system, as users would like
unaware simulations we evaluated performance with systerto pay more for faster service per task, the same task



presents more values to the more powerful peer. In additiothe deal is accepted the peer who makes payment will
it conforms to the modular valuation assumption. Supposeleduct the corresponding amount from its budget and its
each task is associated with a fixed initial setup overheadeal partner will receive this amount as a bonus to its
time ¢*¢*“?, and letp; has incoming bandwidthw; (B/S) budget. To achieve a fair comparison all simulations were
and computing powetp; (flop/s), the maximum valuation conducted with the same valuation distribution and initial
v*** is defined as the reciprocal of the task handling timetopology. Moreover, the algorithm behaves in a stochastic
manner as payment is randomly selected within rational and

VT = l in which: budget range at each deal. To avoid this effect we averaged

A ti the results ofl0 runs for each algorithm. The comparison

£y = 581UP 4 g1anS 4 gexec (6)  results are displayed in Figure 6. From these results we
_ ysetup Sem n Sep draw the conclusion that the final allocation performance
- bw,  cp; is influenced by the offer selection strategy at each deal. In

Four performance metrics are used in this study. First Wé/'HCN the offer brings maximum social welfare increase

usesocial welfareto indicate the efficiency of the allocation. IS selected_, therefore in Elgure 6(a) we observe that_ VTHCN
Next after each deal happens we calcutatal envy degree yl_elds to highest Io_cal efficiency when converged. Simjlarl
andenvious peer numbgboth of which capture the fairness F|gure_6(c)_ a_nd _Flgure 6(d) shows t_hat_ E'HCN performs
of the scheduling result. Finally we measssestem profias better in e"_m'”a“”.g system envy, while in Figure 6(b) the
an indication of side utility. The system profit is defined asoverall profits are in favor of U-HCN.
the summation of profit gain of all deals. At last we investigate the impact of different payment
strategies and initial budget settings. In the original U-
; i ) ) i HCN algorithm, payment is selected randomly subject to
In this set of simulations, peers negotiate with eachgqyation 5 at each deal. Suppose at each deal the payment is
other using payment function GUPF until reaching completgjected within the range dfowest, highest], now instead
locally efficient allocation. The results are shownin F®6r ¢ random selection, we deterministically select payment

First we run the test with80 peers and320 tasks and  amount of fixed value within the range. Specifically we
examined allocation efficiency in terms of overall social yeyised three bidding strategies for evaluation:

welfare and individual utility respectively. The simulati
stopped when no more rational deal can be found. To better
visualize the trend we logarithmically scale the resultse T
convergent point of each curve indicates the termination of
the algorithm. Based on Figure 5(a) two observations are
made. First both curves increase monotonically, as eadh dea
is rational. Second, the two curves increase at the same rate *
Both confirm the conclusions of Lemma 2 and Theorem 3.
For the rest of the simulations we raised the system scale
from 50 to 80 to check scheduling fairness. In Figure 5(b) The results shown in Figure 7(a) suggest that more aggres-
and Figure 5(c) we can observe that, all negotiations aréive bidding behavior will result in higher system profits
converged to fair state where no agent would envy othergfter each deal. This can be explained that if all peers are
In addition the directed hypergraph scheduling is scalabl&villing to offer higher at each bargain, the final successful
as deal number for convergence grows in accordance witfeals will definitely bring more incomes, thus lead to higher
the scale increase. Note that after each deal both the en@yerall profits. We also generated different initial bucifer
degree and the envious pair number do not necessarily dé1€ system and observed its impact. We selected E-HCN as
crease. This can be explained by the oscillation phenomendhe base algorithm and experimented with different amounts
mentioned in Section 1V: although the system envy will be©f initial budget assignment. Again the same valuation
wiped out eventually, each single deal only eliminates envyistribution and topology were created for fair comparison
between the agents participating in the deal, but may causEnree scenarios representimgh, middle classand poor

B. Budget-unaware Simulation Analysis

« aggressive bidding

payment = lowest + 0.75 x (highest — lowest)
« modest bidding
payment = lowest + 0.5 x (highest — lowest)
conservative bidding
payment = lowest + 0.25 x (highest — lowest)

more envy in the whole system. startup funds were simulated and the results are exhibited
) ] ) in Figure 7(b) and Figure 7(c). Clearly for the system with
C. Budget-aware Simulation Analysis abundant initial funds, the convergence to the local mimmu

Next we added budget limitation to each peer and comenvy degree is close to the budget-unaware situation. On
pared the performance of different versions of HCN al-the contrary for the system with insufficient funds the offer
gorithm proposed in Section V. The system size is semaking process is more likely to get stuck due to lack of
to be 20. According to analysis of average deal paymentbudgets, resulting in longer convergence rate and higher
range we give each peer an initial budget190. When local minimum envy.
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VIl. CONCLUSION

In this paper we have studied the problem of BoT-style
task-bundle allocation in highly heterogeneous distedut
systems. The goal of this research is to achieve efficient and
fair allocation in a decentralized manner. Towards thislgoa [9] A. Archer and E. Tardos, “Truthful mechanisms for one-
we proposed a directed hypergraph scheduling model, which
integrates allocation efficiency and envy information in a
three-dimensional matrix. Using the hypergraph model, we
presented individual negotiation strategies with and euith
budget constraint. For the budget-unaware scenario the str
egy is guaranteed to converge to complete locally efficient
and fair allocation, while for the later case, we developed a
hill-climbing heuristic strategy that is capable of achigy
allocation close to maximum efficiency and fairness. Simu{11]
lation results show that the proposed hypergraph scheglulin
methods perform well in a wide range of scenarios.
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