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Abstract—Frequent resources failures are a major challenge Our approach to solve this problem is to use the check-

for the rapid completion of batch jobs. Checkpointing and  point and migration of sequential jobs. Clients upload &hec
migration is one approach to accelerate job completion avoid- ,5ints periodically to the server. Process migration ogcur
ing deadlock. We study the problem of scheduling checkpoints . .
of sequential jobs in the context of Desktop Grids, consisting when these checkpoints are downloaded by clients and
of volunteered distributed resources. We craft a checkpoint ~restarted.
scheduling algorithm that is provably optimal for discrete time In this paper, we deal with the problem of schedul-
when fai_lures_ obey' any g_eneral probability distribution. We ing the checkpoints uploaded by the clients. Clearly, non-
show using simulations with parameters based on real-world a1 checkpointing scheduling can cause inefficiencies
systems that this optimal strategy scales and outperforms othe L .
strategies significantly in terms of checkpointing costs and Checkpointing too often can cause unnecessary bandwidth
batch completion times. overheads and delay job execution. Checkpointing too-nfre
Keywords-Fault tolerance; Checkpoint; Volunteer comput- quent_ly can cause job_s to sit stagnantly on unavailableshost
ing:; delaying completion time.
The checkpoint scheduling problem is usually formulated
|. INTRODUCTION as a complex non-linear optimization based on a continuous
Batches of sequential jobs (often referred to as bags obbjective function with unknown number of optimization
tasks or BoTs) are one of the most common workloads fowariables. Unfortunately most of the time, such formulasio
parallel and distributed systems. This is because BoT& scalead to intractable problems.
efficiently, and because they are simple to program. The In contrast, our main contribution is the design and
dominant workload in computational Grids are BoTs [12]. evaluation of checkpointing algorithms that are provably
The same is true for desktop Grids, which use the idle cyclesptimal for sequential jobs in discrete time with any gehera
of Internet-distributed desktops for large computation. failure law. Our formulation aims at minimizing the wasted
BoTs are often submitted with soft deadlines in mind.time considering the variability on the checkpoint costd an
These deadlines range from a few hours of days. In any casthe time to detect failures. To the best of our knowledge
timely completion of sequential jobs is often important for such a generic formulation does not exist. We provide
users. In the context of Desktop Grids, timely completion isoptimal algorithms for any failure laws and for arbitrary
also important to volunteers, who want to be granted virtuatheckpoint costs. Using simulation with models based on
credit for their jobs as soon as possible. real-world desktop Grids, we show that our checkpointing

Timely batch completion is especially important for a algorithms perform well and outperform the state-of-thie-a
workflow of batches that must be completed. For severakignificantly.

desktop Grids applications, such as FOLDING@home, one
batch can be started only after the previous one has com- Il. SYSTEM MODEL
pleted. Timely completion is also important for long-rumi
sequential jobs on the order of days or even weeks o
computation. This is the case for applications in climatepr ~ We focus on Desktop Grids, which use idle resources of
diction.net [4], for example. desktops distributed over the Internet for massively paral
A major challenge for fast batch completion times, espedel computation. Currently, these systems provide over 7
cially in Desktop Grids, are failures and unavailability of PetaFLOPS of computing power [2], [15], [19] for over 68
the hosts. For instance, in SETI@home, the mean duratioapplications from a wide range of scientific domains (in-
of unavailability is about 4.5 hours. These long periods ofcluding climate prediction, protein folding, and gravitetal
unavailability cause long latency in BoT completion. The physics). These projects have produced hundreds of scien-
median duration of availability is about 1 hour in length. Sotific results [3] published in the world’s most prestigious
these are clearly volatile failure-prone systems. conferences and journals, such as Science and Nature.

. Context



Below we describe the system model of Desktop Gridsuser applications, mouse movement, and powering off of the
used throughout this work. This model is based on oummachine. We term the period during which a failure occurs
experience with BOINC [1], one of the most widely usedto be anunavailability interval.
middleware for Desktop Grids. BOINC serves as the basis The clients exhibit two types of failures, namely, perma-
of projects such as SETI@home, climateprediction.net, andent failures and transient failures. Permanent failucesio
EINSTEIN@home. when clients disappear from the system completely. The time

) until a permanent failure occurs is often referred to astlie
B. Client-Server Model lifetime, and has been modeled in previous works [11].

We consider a client-server model where a single cen- Transient failures occur when the desktop be unavailable
tralized server oversees a set of clients. Clients are thfor the application intermittently. An application may be
entities that perform the distributed computation. Therser suspended or terminated for reasons such as user mouse
is responsible for distributing jobs among the clientse@i$  activity, other active higher-priority processes, or miaeh
initiate all communication with the server. A client pultds  shutdown.
from the server, pulling a single job at each request. Upon In both cases, the time to failure is uncertain, and we
request, the server decides which job is sent to a clientmodel failures with probability distributions. Specifiyal
Once the job is completed, the client uploads the result tave use a probability distribution to model client lifetimes
the server and requests a new job. i.e., the time between when the client first enters the system

and it leaves the system permanently. In recent works, the
C. Network Model authors show that client lifetime can be modeled accurately

Each client is connected to the server with its own singlewith a Weibull distribution.
link. The server has a maximum number of client con- For transient failures, we model continuous periods of
nections that it can maintain simultaneously. Typicallyst availability and periods of unavailability for a single hos
maximum value is about 200-300 simultaneous connectionsach with its own with a probability distribution. In recent
(This parameter can be specified in Desktop Grid servework [14] , the authors devised a method to discover
software such as BOINC.) Once connected, we assume eadfdividual hosts whose distribution of availability and-un
client has a maximum bandwidth equal to the bandwidth ofavailability is truly random and stationary. The authors go
its own network link. If the server already has the maximumon fit probability distributions to the availability duratis
number of connections, then we assume that the server witif these hosts. They find that the Weibull and the hyper-
postpone any future requests to connect from new clientexponential distributions are the best fitting for availifpi
until a connection is ended. We assume that the delay fosind unavailability respectively. In Section IV-A, we ddber
making the new connection is measurable and known.  these model parameters in detail.

Implicitly, the network bottleneck is the network link of  Note that the fraction of hosts with truly random availabil-
each individual client (versus the central network link of ity was significant at roughly 20%. In desktop grid systems
the server). The server is able to control the number othat contribute over 10 PetaFLOPS of computing power,
active client connections and bandwidth allocation forheac that fraction of hosts still provides an enormous amount
connection. The BOINC server will force the clients to back-computational power.
off exponentially when overloaded. So, it is reasonable to
assume the network link of the end host is the bottleneck. E- Workload Model

Note that we intentionally do not consider a peer-to-peer The workload consists of a batch of independent and
(P2P) storage network; clients can only communicate withCPU-bound jobs. The number of jobs per batch ranges
the server directly. Despite being an area of active rebgarcbetween 1000 to 10000 jobs. This reflects the number of
no real-world industrial Desktop Grid middleware employsjobs per batch found in real systems, such as those in the
peer-to-peer techniques over the Internet. In particutar, Grid Workload Archive [13] or BOINC [9]. We assume
BOINC, P2P methods are avoided entirely because thethe runtime of job is generated from a uniform distribution
add too much complexity in terms of security issues andetween 10 to 240 CPU hours on a dedicated host of mean
configuration issues (such as ensuring certain ports argpeed. The runtime corresponds to long running jobs of
open). Also, data location, consistency, and versioning imeal desktop grid applications such as climate predictigdn [
P2P systems is still a complex and open issue. In order to focus on the performance of our checkpointing

i methods, we assume there is only a single batch scheduled
D. Failure Model in the system at any given time.

We define a failure to be any event that causes the guest
desktop application from running. Thus, failures are insgen
from the perspective of the guest desktop application. €&aus The checkpoint/restart protocol is a well-known technique
of failures include but are not limited to CPU load from other that can be used to minimize the amount of lost computation
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due to failures on workers by saving the intermediate stata linear network model where the duration needed to send
of computation on remote stable storage. After a failurea certain amount of data is linear with respect to available
or when a node disappears from the platform, jobs carandwidth of the node plus a certain network latency.

be resumed from .thg last checkpoint and not from scratpfb_ Performance Model

However, checkpointing too frequently can lead to expensiv i ) .

overheads in terms of on the system performance due to !N this section we introduce the performance model
the huge amount of network 1/O induced from checkpointthat expresses the tradeoff between the amount of lost
communication. On the other hand, checkpoints too infreOmputation and the network 1/O overhead due to
quently can lead to a huge amount of lost computation du&heckpoints. In this work we focus on minimizing the
to the interruptions caused by host failures or disappearan Wasted time during execution. The wasted time is the
Hence, an efficient checkpointing policy is required toaccumulatl_on of two_dn‘fe.rent types of useless work during
manage the tradeoff between the lost computation due tH'€ execution of a given job.

failures and network I/O overhead due to the checkpointing ] ] o
The first type of useless work is thest computation time

communication. :
Consider the distributed property of a global schedulingdenOted byL. The lost computation represents the amount

policy on Desktop Grids where communication is initiated ©f 105t work due to a failure. Thus[ is proportional

only by the worker. This implies that the checkpoint schedul {© the elapsed time between the last checkpoint and a
ing problem should be considered from the clients pointfollowmg failure. For instance, in transactional datedms
of view. Each worker will need to compute an optimal the slices correspond to transactions where the time needed

local schedule for checkpoints with respect to its jobs and© re-execute the lost transactions due to failure is uguall

its hardware properties (such as CPU power and networl€SS than the actual running time of the slice. Formally
onsider that a failure occurs at a time.,;;. Suppose

speed). In what follows we present a sequential scheduling1 ; . L . L
model for checkpoints that will be used by each client to at this failure is in a given checkpoint interval denoted
Thus, we havergs: < trout < Tnest

manage the tradeoff between lost computation and networRY [Tiast, Tnewt]; . ,
checkpointing overhead. such thatr,, is the time where the last checkpoint was

done beforetsqu:, and 7,e.¢ is the time of the next
A. Sequential Checkpoint Model scheduled checkpoint. Thus, the lost computation time in

In this section, we introduce the sequential checkpoin@Ven by L = a(tfauir — Tiast) Wherea (0 < a < 1) is the
model that will be used to derive the performance model'€-€xecution ratio.
Each worker pulls sequential jobs from the server. Jobs ) ) )
are composed from a set of atomic slices. This means that 11€ second type of wasted time is themulative check-
checkpoints are only permitted between slices. We assuniiNt overhead (denoted byo;). This is the amount of time
the application scientist can define these slices as they hapPent to write checkpoints on remote stable storage from the
knowledge of when it is convenient and possible to savd?€9inning of job execution until the time The expected
application state. This is currently done by scientiststieir ~ Wasted time with respect to a given checkpoint interval
applications in the case of BOINC [1] . is ex_pressed_ as the fo]ITQW|ng. L_gfl(t) denote t_he failure

More precisely, let us consider a given job where a checkdensity function wheref_” f(t)dt is the probability that a
point between slices represents the intermediate coniputat failure occurs in the intervalr;, 7;]. By conditioning on
obtained up to that point. We assume that a job is composedi€ timet where the failure happens in a given checkpoint
from n slices. Each slice has a duratign, 1 < j < n. interval denoted by7i,st, Thert), the expected wasted time

The checkpoint policy for this job is defined by a vector With respect to this interval is given by :

m = (a1,a2--+ ,a,), a; € {0,1} wherea; = 1 when Y B
a checkpoint is scheduled after thé" slice anda; = 0 Ewasted(Tiast; Tneat) = L [0r + a(t — Tiast)] f (£)dE.
otherwise. o 1)

Without loss of generality, we suppose that a checkpoinfNotice that minimizing the expected wasted time maximizes
should be scheduled just after the last sliag & 1). This  directly the expected amount of the time that the worker
assumption is usually considered as an acknowledgment f@pends doing useful computation. In this way, the worker
the job completion. would collect a maximal virtual credit.

We consider that the cost induced by a given checkpoint Therefore, the performance model inputs are the follow-
scheduled after th¢” slice depends only on the slice output ing:
datao; to be stored on the remote stable storage. To send 1) n the number of slices
this data to the stable storage we assume that it takenit 2) each slices’ duratiop;, 1 <j <n
of time. (This cost depends on the amount of data to send 3) each slices’ checkpoint cost (in terms of timg)l <
o; and network between the client and server). We consider j<n.



The policy output is a checkpoint schedule for a given job Let r;(s77,a;) denotes the reward function if the system

defined by a vectofaq,as - - ay). chose the action; at the epoch knowing that previous state
We formulate the performance model using the Markovis s7. For the first case, suppose that= 1 and fori < n.

Decision Process method [17]. We briefly recall that aTherefore, the expected wasted time is given by ¢; for

Markov Decision Process consists of five elements: the accumulated checkpoint overhead dne- t — 7; — ¢;
1) the set of decision epoch denoted By as expected lost work whetreis the failure time.
2) the set of state§ that the system occupies ritote;
3) the set of possible action$ ri(s77,1) = / [0+ ¢+ alt—1 —o)]f(t)dt.
4) the transition functionp() which describe the evolu- Tito
tion of the system during the time Then, ifa; = 0 for i < n, we suppose that the system does

5) and the reward function() that describes the reward not get any reward while the last checkpoint is the same.

that the system receives during the time. ‘

To identify these elements we introduce the following ri(s”7,0) = 0.
notation.

Let 7, denotes the useful computing time from the
beginning until the*" slice such that; = Zézlpj. Hence,
after eachr; for (j < n) the system takes the decision
to checkpoint or not after thg*” slice. In this work we

Finally, if the system is at the final decision epoch whete
n, suppose the current statesis”. Therefore, the expected
reward is given byL = ¢t — 7; — ¢; and the accumulated
checkpoint overhead is + c,,.

consider the finite sel’ = {7, 7,--- ,7;}, j < n as the o Tntotcn
decision epoch where the system makes the decisions. Fofn(5""»@) = /T_M o+ e +alt = — o)l f (t)dt.
clarity we suppose thaf = {1,2,--- ,n}. ’
C. Optimal Policy
The set of possible actions id = {0,1}. (1 when a We recall that the set of epochs is finite, and the choice
checkpoint is performed else 0.) of the action at thei” epoch determines the subsequent

_ state with certainty. The objective is to minimize the total

We denote bys”” the state that the system occupies atward (summed over all epochs). Consequently, the proposed
a given epoch. Hence, the state is describe by the coupl@iarkov Decision process for the checkpoint scheduling
(j, o) where is the index of the last checkpoint until this proplem is equivalent to the shortest path problem in a
epoch and denotes the accumulated checkpoint overheagyjiven graph. In what follow, we propose a deterministic
until this epoch. Then, the set of states is definedSby  dynamic programming schema to compute optimal policy
{s77} with 0 < j < n, 0 < 0 < nmax Wherecpmaz  of checkpoints. Consider a directed grapiE, V') where
is the maximal checkpoint cost. In this work we supposeg is the set of edges antl is the set of vertices. Each
that the checkpoint costs are integers € N). Therefore, vertex inG represents a given state at the Markov Decision
the maximal accumulated checkpoint overhead is bound byjodel. Vertices denoted byv?) are labeled by the couple

O(n X ¢mag). For the clarity, lets = {0,1,--- ,n¢maz}  (j,0) wherel < j < n ando € 3. Note that the number
denotes the set of integers. _ _ of vertices is bounded b (nc,az).
Let ¢;(s, a) denote the transition function at tié epoch Suppose that the verte)f) represents the initial state of

which is a mapping fronb x A to 5. Considering that the  the system, and the vertex, , is the final state that the
system occupies the staté® at thei’" epoch, then the system occupies after the” epoch.
transition function is given by (Expression 2): if the actio \ve note that edges between nodes denote the reward of

at thei"" epoch isa; = 1 then the system goes to the traversing this edge. Thus, we propose these followingsrule
state where the last checkpoint is aftét slice with an g aqd edges between vertices:

accumulated checkpoint overhead equabte- ¢;. On the
other hand, if the action; = 0 the system stays at the same
state where the last checkpoint and accumulated overhead
are the same.

1) Foreach vertex i v7, (1 < j <n, o € ¥), we add
an edge from this node to the nodg wherei and
o' satisfy the following conditions + ¢; = o/, j <
i < n). The cost of traversing this edge is defined

bi(s,a) = { ¢i($;jv 1) = 8;”:”1 @) by Expression 3 which expresses the expected wasted
¢i(s77,0) = s> time if two successive checkpoints are scheduled after
In this work we suppose that failures on nodes follows a slicesj andi respectively and where the accumulated
general failure density denoted kfyt) (with a distribution checkpoint overhead until thg" slice iso.
F(t)). Then, by conditioning on the timewhen a failure ritoter
happens between two epoch¥*(andi + 1**) the reward / [0 +c +alt—T1;—o)f(t)dt. (3)
can be expressed as follows. JTjto



2) An edge is added from the initial statg to the vertex For modeling the volunteer computing platform we con-
vy ,Vj if o = c;. We suppose that the reward function sider a centralized client-server model witth clients and
associated with these edges is given by the followingone server. UsinddmGrid, we implement the centralized

expression: scheduling policy used by the server to dispatch jobs, and
rite the client policy used to pull jobs from the server.
/ o [c; 4+ alt — 1 — ¢;)| f(t)dt (4) The server scheduling policy is the FCFS policy based on
0 the several rules. When the server receives a request, three

* . With a cost kinds of responses are possible:

0 is added to the graph. 1) There are some unscheduled jobs from the BoTs. Thus
the server chooses randomly a job from the remaining
jobs to send.

All jobs have already been scheduled but have not
yet been completed. Note that the server might not
know the status of uncompleted jobs if they are
still in execution mode or they are lost forever due
the client’s limited lifetime. Thus, the server chooses
randomly one job to duplicate, and the execution of
this copy will start from the most recent checkpoint.
Note that there is no synchronization between copies.
For duplicated jobs, both the outdated checkpoints and
outdated job results are ignored.

3) When all work is done, then a halt message is sent to

3) Finally an edge from? (o € %) to v*

Based on this construction it is clear that an optimal
path with a minimal cost from§ to v%,,, is equivalent
to find an optimal schedule for checkpoints that minimizes )
the total expected reward over all epochs. Hence using
this methodology, we can compute an optimal schedule in
a reasonable amount of time. Without loss of generality
we recall that the number of vertices i@ is bounded
by O(n?cnq) and from each vertex there are at mast
edges (the first rule). Thus, the number of edgesGin
is bounded byO(n®c,,4:). Then, one may use the well-
known Dijkstra algorithm to compute the optimal path where
the computational complexity is bounded by the number
of edges in the graph [7]. Therefore, the computational

complexity of the dynamic programming methodology is the client. . ) )
bounded byO (n%¢pnay ). We assume that client pulls a single job at each request
from the server. A client pull work from the server after two
IV. SIMULATIONS AND EXPERIMENTS different events. The first event is the completion of the job

O|n this case, the client sends the result back to the server
and requests a new job. The second event is the epoch of
to assess the performance of the proposed fault tolerancie . ; . .

Ime when the client become again available after a failure.

policy. For our.evaluatlon, wc.a us§ the fo.Ionvmg m.etncs: Thus, we assume that after a failure, clients should ask for
1) The maximum completion time. This is considered as; pew job.

the maximum completion time overall jobs in a given 1) gmulation parameters: The considered
BoTs. platform is composed from M clients where
M = {5000,10000,20000} and one server. The server

2) The overall wasted time due to checkpointing properties are the following: 2GFLOPS as the CPU speed

overheads and lost computation during the executiolind a 1Gb/s as network speed. In this work we assume that

of the BoTs. the server is failure-free. In these simulations we assume
that the remote stable storage for checkpointing is located
at the same server. We suppose that the server can have a
maximum of 100 of simultaneous connections. Real desktop

In this section we describe the experimental methodologygrids servers have similar limits. Once connected, each
First, we give a description for the simulation experiments client has a maximum bandwidth equal to the bandwidth of
Then, we present the global scheduling policy used in conits own network link.
junction with the proposed checkpointing policy to dispatc  Client properties (I) were randomly generated based on
the BoTs over all available clients. Finally we report the statistical studies on the well-know SETI@Home project
different parameters used to run simulations. [11], [14]. Client processor speeds (MIPS) are randomly

The major difficulty for evaluating the proposed policy is generated based on the work described in [11]. There the
to build a simulator that reproduces accurately the belhavioauthors shows that client speeds are well-fit by a normal
of thousand of nodes. In such environments the platforndistribution with the following parameters (mean 71,
is complex due to its large-scale (up to 20000 of clients)standard deviation669.5). Client network connection speed
resource heterogeneity, network topology, and nodesilolat (Mb/s) is uniformly sampled between 1 and 2 (which is
ity. For simulating the volunteers computing platform insth roughly is the range of ADSL connection speeds).
work we conduct all of our simulations below using the The availability and unavailability period are generated
SmGrid simulation toolkit [5]. using the models proposed in [14] based on empirical

In this part we present the simulation methodology use

A. Experimental Methodology



availability derived from SETI@home. In this work authors the maximum completion time over all the jobs in a given
identify 6 different clusters of clients, each of which @rr BoTs. The second one is the total wasted time (checkpoint
sponds to a different distribution of availability. Clisnin  overhead and lost computation) over the execution of the
the same cluster have the same availability and unavaiiabil BoTs.

distribution.

In our study we consider cluster number 3 which con- . _ _
tains 20000 clients. In this cluster the availability period  In this analysis we propose to assess the considered fault
(hours) of clients follows a Weibull distribution with the tolerance policies under 3 various configuration for therdli
following parameters(shape = 0.431, scale = 1.682).  number and 6 different sizes of BoTs. Thus, in the first
For the unavailability period the best fitted distributian i Scenario the number of jobs in the BoTs is two times more
the hyper-exponential with the following parametetse  than the number of clients. In the second scenario, the
{0.398,0.305, 0.298} and p; € {0.031,11.566,1.322}. number of jobs is at most equal to the number of clients.

The clients’ lifetime is randomly generated accordingFor the last configuration the number of jobs is at most
to the work in [11] where the lifetime follows a Weibull two times less than the number of clients. This, will reveal
distribution according to the following parameters (thétun how the policies will perform with different configurations
is days)(scale = 137, shape = 0.58). of dUp“Ca“_On- _ . .

To conduct this simulation we investigate several BoTs's [n the first set of simulations, we consider that the
properties (I1). We consider that the number of jobs in ahumber of available client i5000. Therefore, we suppose
given BoTs range if 1000, 3000, 5000, 7000, 9000, 10000}. that the number of jobs of the considered BoTs varies in
Each job is composed from slices, which is uniformly ~ {1000,3000, 5000, 7000, 9000, 10000}. S
generated betweefi,50]. The amount of computation in The simulation result of this configuration is depicted in
each slice’s, expressed in number of instructions, is ranfigures 1(a) and 1(b). Figure 1(a) reports the variatiomef t
domly sampled betweei36°, 361°]. This corresponds to an maximum completion time with respect to the variation of
execution time range betwedh, 5] hours with respect to BOTS size. As it can be seen in these figures, the proposed
the dedicated execution time on a client with a mean CPLFheckpoint policy (PCkP) and the periodic checkpoint golic
speed. This implies that the execution time range of one jo§Periodic) outperforms up to a factd6’% of the completion
is [1,250] hours. For instance, the overall execution time for{ime when there is no fault tolerance policy (Without FT).

a BoTs with5000 jobs on one processor is [0.5,146] years'Hence, this result shows the improvement of fault tolerance
The checkpoint size (Mb) for each slice is also uniformly Policy in such a platform.
sampled betweefi0, 512]. We note also that the completion time of the proposed

2) Fault Tolerance Policies and Metrics : To assess the model is slightly better than the periodic policy. In Figure
performance of the proposed policy, we propose a comparil,(b) we depict the average wasted time. The average wasted
son with a periodic checkpointing policy. In this policy the ime is the total amount of wasted time (due to checkpoint

checkpoint schedule is computed using the optimal perio®verhead and lost computation) over the entire execution
obtained from Daly’s work [8]. We notice that Daly’s model divided by the numper of clients. I_n each _bar, we report the
inputs are the mean time between failures (MTTF) and th@mount of checkpoint overhead with a solid bar and the lost

checkpoint cost@). Hence, the MTTF computed using the c_omputation timg with a dashed bar with respect to a given
client's failure density (MTTF-{OOO tf(t)dt). Then, for each size of BoTs. This outcomes shows that the proposed model
job we consider the mean caSt= 15" | ¢;. We note that reduces by a factor df the average wasted time when the

the period obtained from this model denoted /bis a real number of clients is two times less that the number of jobs
value. Then the following mapping is used to compute theBOTS = 10000). , _ ,
k" checkpoint location with respect @ Suppose that the ~ FOr the second configuration, we keep the same job
% — 1" checkpoint is scheduled after tli¢ slice. Then, the number range and we increase the client numb&ag0.

k' checkpoint is scheduled after ti& where: minimize The results of these experiments are shown in Figurgs
i 2(a),2(b). These results reveal also that the proposedypoli

the following expressionmin | Z ch — pl- outperforms both the the periodic and standard execution.
' =it The results in Figure 2(a) reveal that the improvement ratio
We consider also the standard policy without checkpointof the checkpoint time is better than the previous one when
ing to illustrate the improvement of the proposed work.  the number of job i90000. The results in Figure 2(b) reveal
To compute the optimal schedule with our model wethat the proposed model performs less checkpoints than the
consider that the quantum used to discretize the checkpoipieriodic policy at least by a factdl. Thus, the proposed
cost is 1 minute. Then we consider that the re-executioscheduling policy reduces the global completion time with
factora = 1. less checkpoint overhead than the periodic policy. Thigdass
To compare policies we use two metrics. The first one iscould be explained by the fact that our model consider that

B. Smulation Results



Completion Time (day)

Completion Time (day)

Table |

CLIENTS'S PROPERTIES

Total number of clients]  Client's Cpu speed (MIPS)

Client's network speed (Mb/s;

Client’s availability period (hours)

Client's unavailability period (hours)

Client’s lifetime (days)

Normal distribution
(mean = 1771, std = 669.5)

{5000, 10000, 20000}

Uniform distribution
[1.2]

Weibull distribution

(shape = 0.431, scale = 1.682)

Hyper-exponential distribution
pi € {0.398,0.305,0.208} , ;i € {0.031,11.566,1.322}

Weibull distribution
(scale = 137, shape = 0.58)

Table Il
BOTsS PROPERTIES

BoTs' size

Slices number per job

Instruction number per slice

Slices’s checkpoint size (Mb)
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Uniform distribution|[1, 50]
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Figure 3. The maximum completion time (a) and overall executiasted time (b) with 20000 clients

slices could have different durations. Therefore the psepo approximation to determine the optimal interval between
schedule is more accurate than the periodic policy whickcheckpoints that minimizes the expected lost time before
ignore jobs’ properties. failure [21]. This result was established considering that
Finally, in the last scenario we consider that the numbercheckpoints are periodically scheduled and failures algiv
of clients is20000 while we keep the same range for the follow a Poisson process. Daly [8] extended Young's result
BoTs size. For this simulation the maximum completionand proposed a higher order approximation under the same
time is depicted in Figure 3(a). As shown, the proposechypothesis.
model still is the best among all the candidate policies. Ling etal. [20] introduced a new variational technique that
For the case where the number of jobsli#0, the policy gives a first order approximation of the checkpoint freqyenc
without checkpointing outperforms slightly the proposedfor minimizing the expected lost time before a failure. This
model because of the congestion on the checkpoint servemethod is based on the first order truncation of the Taylor
In fact when the amount of work is small each job will expansion of the failure distribution under the hypothesis
be duplicated on many clients. Therefore, the congestiothat checkpoints do not alternate the probability of falur
on the network link will be more important while we have of the application.
many client that try to write the checkpoint for the same Notice that all these previous works consider that the
job which is useless. This simulation points out that whencheckpoint cost is constant. They provide different ap-
the number of clients increases, the standard policy withouproximation solutions for determining the intervals bedwe
checkpointing outperforms the periodic policy in terms of checkpoints under some restricted assumptions: infinite ex
completion time and wasted time. One possible explanatioecution time, preemption, limited failure laws. Moreover,
for this issue is the important amount of duplication. In most of the proposed algorithms do not provide any guar-
conclusion, we note that a blind duplication policy canantee on the time needed to reach a good solution.
deteriorate system performances. Figure 3(b) confirms the In terms of checkpointing in real-world Desktop Grids
previous remarks where the proposed model achieves betteich as BOINC [1] and XtremWeb [10], checkpointing is
performances with less checkpoint overhead. done onlylocally on the same disk as the executing client.
In summary, the proposed model outperforms both the pefhe cost of local checkpoints, which are relatively small
riodic policy and the standard execution policy withoutlfau (less than 500 MB), is negligible. Checkpointing is done at
tolerance in terms of completion time. Our model reduceghe application-level (versus with system-level checkfing
the accumulated checkpoint overhead by considering the jolioraries or with virtual machines). Applications checkputo
duration variability. This set of simulations shows that awhen it is convenient, often around every 1-10 minutes [4]
blind fault tolerance policy (checkpointing or duplicat)o While checkpointing is not currently done remotely
leads to dramatic deterioration of the system performancelo the Desktop Grid server, several real projects (such
as climateprediction.net [6] and Rechenkraft.net [18)d an
V. RELATED WORK PrimeGrid [16]) have long-running jobs (on the order of
We discuss and contrast other works related to thelays) that need remote checkpointing and migration. BOINC
scheduling of checkpoints. Young proposed a first ordein particular does have the mechanisms to enable remote



checkpointing. For instance, the BOINC client has the gbili [10] G. Fedak, C. Germain, V. N'eri, and F. Cappello. XtremWeb:
to send “trickle” messages to the server during the executio
of a job. Through these trickle messages, a checkpoint can
be transmitted to the server.

VI. CONCLUSION AND FUTURE WORK

A major impediment for batch job completion are resource
failures. Checkpoint and migration can mitigate the affect
of failures. We devise a checkpoint and migration strategy12]
in the context of Desktop Grids, where checkpoints are sent
to remote storage on a server. We prove that our strategy
is optimal with a reasonable computational complexity.
We show with simulations that our checkpointing strategy[13]
outperforms others in terms of batch completion time and
waste.

For future work, we will investigate the case where,4
congestion can occur on the network. One approach would
be for the client to record its bandwidth for each upload or
download. Then we could use this history to predict actual
bandwidth during periods of possible congestion.
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