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Abstract| Runtime Incremental Parallel Scheduling (RIPS) is an alternative strategy to the

commonly used dynamic scheduling. In this scheduling strategy, the system scheduling activity

alternates with the underlying computation work. RIPS utilizes the advanced parallel scheduling

technique to produce a low-overhead, high-quality load balancing, as well as adapting to irregular

applications. This paper presents methods for scheduling a single job on a dedicated parallel

machine.

Index Terms| runtime load balancing, incremental scheduling, parallel scheduling, irregular and

dynamic applications, distributed memory computers.
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Runtime Incremental Parallel Scheduling (RIPS)

on Distributed Memory Computers

1. Introduction

One of the challenges in programming distributed memory parallel machines is to schedule

work to processors. There are two types of application problem structures: problems with a

predictable structure, also called static problems, and problems with an unpredictable structure,

called dynamic problems. Solving dynamic problems is di�cult since the number of tasks and

the grain size of a task may not be known prior to execution. Many applications do have such

dynamic and irregular features, and therefore fall into this di�cult category.

There are two basic scheduling strategies: static scheduling and dynamic scheduling. Static

scheduling distributes the work load before runtime, and can be applied to static problems. Most

existing static scheduling algorithms are sequential, executed on a single processor system. Dy-

namic scheduling performs scheduling activities concurrently at runtime and applies to dynamic

problems. Although dynamic scheduling can apply to static problems as well, static scheduling

is usually used for static problems because it provides a more balanced load distribution than

dynamic scheduling.

Static scheduling utilizes the knowledge of problem characteristics to reach a global optimal,

or nearly-optimal, solution. It has recently attracted considerable attention among the research

community. The quality of scheduling relies heavily on accuracy of weight estimation. Scalability

of static scheduling is restricted since a large memory space is required to store the task graph.

In addition, it is not able to balance the load for dynamic problems.

Dynamic scheduling has certain advantages. It is a general approach suitable for a wide

range of applications. It can adjust load distribution based on runtime system load information.

However, most runtime scheduling algorithms, when making a load balancing decision, utilize

neither characteristics information of application problems nor global load information. E�orts to

collect load information for a scheduling decision certainly compete resources with the underlying

computation during runtime. System stability usually sacri�ces both quality and quickness of

load balancing.

It is possible to design a scheduling strategy that combines the advantages of static and dy-

namic scheduling. This scheduling strategy should be able to generate a well-balanced load with-

out incurring large overhead. With advanced parallel scheduling techniques, this ideal scheduling
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becomes feasible. In parallel scheduling, all processors cooperate together to schedule work. Some

parallel scheduling algorithms have been introduced in [1, 2, 3, 4, 5]. Parallel scheduling is stable

because of its synchronous operation. It uses global load information stored at every processor

and is able to accurately balance the load. As an alternative strategy to the commonly used

dynamic scheduling, parallel scheduling opens a new direction for runtime load balancing.

In this paper, we propose a new method, called Runtime Incremental Parallel Scheduling

(RIPS). RIPS is a runtime version of global parallel scheduling. In RIPS, the system scheduling

activity alternates with the underlying computation work during runtime. Tasks are incremen-

tally generated and scheduled in parallel. The RIPS system paradigm is shown in Figure 1. A

RIPS system starts with a system phase which schedules initial tasks. It is followed by a user

computation phase to execute the scheduled tasks, and possibly generate new tasks. In the second

system phase, the old tasks that have not been executed will be scheduled together with the newly

generated tasks. This process will repeat iteratively until the entire computation is completed.

Note that we assume the Single Program Multiple Data (SPMD) programming model, therefore,

we rely on a uniform code image accessible at each processor. In addition, we assume that jobs

to be executed are computation-intensive and can be partitioned into medium grain-size tasks to

ensure that the cost to migrate a task is less than its execution time.

SYSTEM PHASE

collect load information

task scheduling

USER PHASE

task execution

Start

Terminate

Figure 1: Runtime Incremental Parallel Scheduling (RIPS).

RIPS is a general approach. It can be used for a single job on a dedicated machine or

a multiprogramming environment. It can be applied to both shared memory and distributed

memory machines. Algorithms for scheduling a single job on a dedicated distributed memory

machine are described in this paper. Previous works on runtime scheduling are simply reviewed
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in the next section. Section 3 is devoted to the issues of incremental scheduling and Section

4 to the parallel scheduling algorithms. Experimental study and comparisons are presented in

Section 5.

2. Previous Works

RIPS shares some common ideas with static scheduling [6, 7, 8, 9, 10]. Both of them utilize the

systemwide information and perform scheduling globally to achieve high quality of load balancing.

They also clearly separate scheduling and user computation. But, RIPS is di�erent from static

scheduling in three aspects. First, the scheduling activity is performed at runtime, therefore it can

deal with dynamic problems. Second, the possible load imbalance caused by inaccurate grain-size

estimation can be corrected by the next turn of scheduling. Third, it eliminates the requirement

of large memory space to store task graphs, as scheduling is conducted in an incremental fashion.

It then leads to better scalability for massively parallel machines and large size applications.

RIPS is similar to dynamic scheduling to some extent. Both methods schedule tasks at run-

time instead of compile-time. Their scheduling decisions, in principle, depend on and adapt to the

runtime system information. However, RIPS and dynamic scheduling are substantially di�erent

and should be considered as two separate categories. First, system functions and user computa-

tion are mixed together in dynamic scheduling, but there is a clear cuto� between system and

user phases in RIPS, which can potentially o�er easy management and low overhead. Second,

placement of a task in dynamic scheduling is basically an individual action by a processor based

on partial system information. Whereas, the scheduling activity in RIPS is always an aggregate

operation based on global system information. The major characteristics of the three categories

are summarized below.

Static scheduling Dynamic scheduling RIPS

Load information global partial global

Scheduling compile time runtime runtime

Adaptive to system load no yes yes

Scheduling & computation separation yes no yes

Scheduling overhead large small small

Storage requirement large small small

Large research e�orts have been directed towards the process allocation in distributed sys-

tems [11, 12, 13, 14, 15, 16, 17, 18, 19]. Eager et al. compared the sender-initiated algorithm with

receiver-initiated algorithm [13]. A recent comparison study of dynamic load balancing strategies
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on highly parallel computers is given by Willebeek-LeMair and Reeves [20]. The sender-initiated

di�usion (SID), receiver-initiated di�usion (RID), and hierarchical balancing method (HBM) are

also described in [20]. Work with a similar assumption includes the Gradient Model developed

by Lin and Keller [21]. The randomized allocation algorithms developed by di�erent authors are

quite simple and e�ective [22, 12, 23, 24].

In the following, we describe three dynamic scheduling algorithms which will be compared to

RIPS. A randomized allocation strategy dictates that each processor, when it generates a new

task, should send it to a randomly chosen processor [22, 12]. The major advantages of this

strategy are its simplicity and topology independence. No local load information needs to be

maintained, nor is any load information sent to other processors. Statistical analysis shows that

randomized allocation has a respectable performance. However, a couple factors may degrade the

performance of the randomized allocation. First, the grain sizes of tasks may vary. Even if each

processor processes approximately the same number of tasks, the load on each processor may be

uneven. Secondly, lack of locality leads to large overhead and communication tra�c. Only 1=N

subtasks stay on the creating processor, where N is the number of processors in the system. Thus,

most messages between tasks have to cross processor boundaries. The average distance traveled

by messages is the same as the average interprocessor distance of the system. This leads to a

higher communication load on large systems. Since the bandwidth consumed by a long-distance

message is certainly larger, the system is more likely to be communication bound, as compared

to a system using other load balancing strategies that encourage locality.

In the gradient model [21], instead of trying to allocate a newly-generated task to other

processors, the task is queued at the generating processor and waits for some processor to request

it. A separate, asynchronous process on each processor is responsible for balancing the load. This

process periodically updates the state function and proximity on each processor. The state of a

processor is decided by two parameters: the low water mark and high water mark. If the load is

below the low water mark, the state is idle. If the load is above the high water mark, the state

is abundant. Otherwise, it is neutral. The proximity of a processor represents an estimate of the

shortest distance to an idle processor. An idle processor has a proximity of zero. For all other

processors, the proximity is one more than the smallest proximity among the nearest neighbors.

If the calculated proximity is larger than the network diameter, it is in the saturation state and

the proximity is set to be network diameter+1 to avoid unbounded increase in proximity values.

If the calculated proximity is di�erent from the old value, it is broadcast to all the neighbors.

Based on the state function and the proximity, this strategy is able to balance the load between

processors. When the state is abundant and not in the saturation state, the processor sends a

task from its local queue to the neighbor with the least proximity.

The receiver-initiated di�usion (RID) algorithm is a near-neighbor di�usion approach which

4



employs overlapping balancing domains to achieve global balancing [20]. Load information is

exchanged between neighbor processors. Whenever a load Li increases to (1=u)Li or drops to

uLi, update messages are sent to its neighbors to update the load information, where u is called

the load update factor. The balancing process is initiated by any processor whose load drops

below a threshold LLOW . Then, the average load of the processor itself and its neighbors, �Li,

is calculated. If a processor's load is below the average load by more than another threshold,

Lthreshold, it proceeds to implement the third phase of the load balancing process. Each neighbor

k is assigned a weight hk:

hk =

(
Lk � �Li; if Lk > �Li

0 otherwise

Hi =
KX
k=1

hk :

The amount of load requested by processor i from neighbor k is computed as:

�k = (�Li � Li)
hk
Hi

:

Load requests are sent to appropriate neighbors. Upon receipt of a load request, a processor will

ful�ll the request only up to an amount equal to half of its current load. In this algorithm, three

parameters, LLOW ; Lthreshold, and u, need to be adjusted for optimal performance. Thus, �nding

optimal parameter settings in general may be di�cult.

There is another category of scheduling which carries out computation and scheduling al-

ternately. It is sometimes referred to as prescheduling which is more closely related to RIPS.

Prescheduling utilizes partial load information for load balancing. Fox et al. �rst adapted

prescheduling to application problems with geometric structures [25, 1]. Some other works also

deal with this type of problems [2, 26, 27]. The Parti project automates prescheduling for nonuni-

form problems [28]. The dimension exchange method (DEM) is a parallel scheduling algorithm

applied to application problems without geometric structure [3]. It balances load for indepen-

dent tasks with an equal grain size. The method has been extended by Willebeek-LeMair and

Reeves [20] so that the algorithm can run incrementally to correct the unbalanced load due to

the varied task grain sizes. However, the DEM scheduling algorithm generates redundant com-

munications. It is designed speci�cally for the hypercube topology and is implemented much less

e�ciently on a simpler topology, such as a tree or a mesh [20]. RIPS uses optimal parallel schedul-

ing algorithms, which is also applied to problems without geometric structures. RIPS minimizes

the number of communications, as well as the data movement. Furthermore, RIPS is a general

method and applies to di�erent topologies, such as the tree, mesh, and k-ary hypercube. In this

paper, we present a basic algorithm for the tree topology.

Optimal mapping of communications has been studied extensively. Static communication

mapping minimizes the network con
icts at compile-time [7, 29, 30, 31]. Yu and Das have de-
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veloped a task allocation algorithm for MIN-based multiprocessors to minimize con
icts [32]. In

general, it is di�cult, almost impossible, to obtain an optimal communication mapping for a

problem with dynamic communication structures. In RIPS, communication in the system phase

is con
ict-free.

RIPS can be presented in its two major components: incremental scheduling and parallel

scheduling. The incremental scheduling policy decides when to transfer a user phase to a system

phase and which tasks are selected for scheduling. The parallel scheduling algorithm is applied

in the system phase to collect system load information and to balance the load.

3. Incremental Scheduling

Typically, a runtime scheduling algorithm has four components: a transfer policy, a selection

policy, a location policy, and an information policy [11]. The transfer policy determines whether a

processor is in a suitable state to participate in a task scheduling. The selection policy determines

which tasks should be scheduled. The location policy determines to which processor a task selected

for scheduling should be sent. The information policy is responsible for triggering the collection of

system load information. RIPS can also be described with these four policies. Here, the transfer

policy determines when the next system phase should start. The selection policy determines a set

of tasks that are to be scheduled. The location policy determines to which processor each task will

be scheduled. The information policy determines when to collect the system load information.

The selection policy and the transfer policy are the central components of incremental scheduling.

The location and information policies are two major components of parallel scheduling, which will

be discussed in the next section.

The transfer policy in RIPS includes two sub-policies: a local policy and a global policy. Each

individual processor determines if it is ready to transfer to the next system phase based on its

local condition. Then all processors cooperate together to determine the transfer from the user

phase to the system phase based on the global condition.

We consider two local policies: eager scheduling and lazy scheduling. In the eager scheduling,

every task must be scheduled before it can be executed. In the lazy scheduling, scheduling is

postponed as much as possible. In this way, some tasks could be executed directly without being

scheduled.

The eager scheduling is implemented with two queues in each processor. One is called ready-

to-execute (RTE) queue, the other ready-to-schedule (RTS) queue. At the beginning of a user

phase, all the RTS queues in the system are empty and the RTE queue of every processor holds

almost the same number of tasks ready to be executed. During the user phase, new tasks can be
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(a) two-queue policy (b) one-queue policy

tasks to be consumed

tasks to be consumed

tasks generated

tasks generated

RTE queue

RTS queue

RTE queue

Figure 2: RTE and RTS queues

generated and entered into the local RTS queue, while the tasks in the RTE queue are consumed,

as shown in Figure 2(a). When the RTE queue becomes empty, the processor is ready to transfer

from this user phase to the next system phase. At the transfer, some of the RTE queues may

be empty and others may have tasks left, because the consumption rate might not be the same

due to unequal task grain sizes. In the beginning of the system phase, all the tasks left in the

RTE queues, if any, will be moved back to the RTS queues and rescheduled together with the

newly-generated tasks. The system phase schedules tasks in all RTS queues and distributes them

evenly to the RTE queues. The tasks in RTS queues enter the local RTE queue or a remote RTE

queue, depending on the scheduling results.

The lazy scheduling uses only a single queue, RTE, to hold all tasks, as shown in Figure 2(b).

The tasks scheduled to the processor and the tasks generated at the processor are not distin-

guished. The newly-generated tasks enter the RTE queue directly. Some tasks may be generated

and executed in the same processor without being scheduled. The transfer condition from a user

phase to the next system phase is the same as the eager scheduling, that is, when the RTE queue

becomes empty. In this way, only a fraction of tasks are scheduled and the number of total system

phases could be reduced.

The two local policies correspond to the two queuing polices. They are illustrated as follows:

Queuing policy New tasks

Eager two queues (RTE, RTS) enter to RTS

Lazy one queue (RTE) enter to RTE
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Two queue policies involve overhead for moving tasks between the queues. To avoid this

overhead, we can implement the two queues as a single queue with a pointer that divides the

single queue into two parts, as shown in Figure 3. The upper part is the RTE queue and the lower

part is the RTS queue. During the user phase, the position of the pointer is �xed and only the

tasks in the RTE queue can be executed. When transferred from a user phase to the next system

phase, some tasks may be left in the RTE queue. Prior to system scheduling, the pointer moves

up to cover all tasks in the RTS queue. In this way, the task copying from the RTE queue to the

RTS queue can be eliminated. After scheduling, the pointer moves down to let the entire queue

become the RTE queue. This implementation can easily adapt to the one queue policy, as long

as the pointer points to the bottom of the queue during the user phase. This mechanism is useful

for an adaptive algorithm that changes between a one-queue policy and a two-queue policy.

tasks to be consumed

tasks generated

(a) during computation (b) after computation (c) before scheduling (d) after scheduling

RTS

RTE

RTS

RTE

RTS

RTERTE

RTS

Figure 3: Implementation of RTE and RTS queues

Two possible global policies, called ALL and ANY, are listed as follows:

Description

ALL all RTE queues are empty

ANY any RTE queue is empty

The ALL policy states that the transfer from a user phase to the next system phase will

be initiated only when all the processors satisfy their local conditions. Whereas, with the ANY

policy, as long as one processor has met its local condition, the transfer is initiated.

To test whether a transfer condition is satis�ed, a naive implementation periodically invokes a

global reduction operation. If the condition is satis�ed, the system switches from this user phase

to the next system phase; otherwise, it continues on the user phase. The time interval between
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two consecutive global reduction operations should be carefully determined. An interval that is

too short increases communication overhead; an interval that is too long may result in unnecessary

processor idle. The optimal length of the interval is to be determined by empirical study.

Although the periodical reduction is a simple and general implementation, it may interfere

with the underlying computation many times before the condition is satis�ed. This overhead

could be eliminated for some particular policy. The following method can be used for the ALL

policy: a processor sends a ready signal to its parent when the local condition is satis�ed and

when a ready signal is received from each of its children. When the root processor satis�es the

local condition and receives a ready signal from each of its children, the global ALL condition has

been reached. The root processor will broadcast an init signal to all other processors to start the

system phase. Some processors can be idle for a while before the global ALL condition is reached,

as shown in Figure 4(a).

For the ANY policy, an alternative implementation allows any processor that satis�es the local

condition to become an initiator and broadcast an init signal to all other processors. A processor,

upon receiving the init signal, switches from this user phase to the next system phase. Because

of communication delay, more than one processor could claim to be an initiator. Therefore, a

processor may receive more than one init signal. A phase index variable is used to eliminate

redundant init signals. As each init signal is tagged with a phase index variable, all the init

signals with the same phase index variable, except the one received �rst, are considered to be

redundant. Some machines provide a fast or-barrier synchronization, such as the eureka mode in

Cray T3D [33]. Implementing the ANY policy can utilize this synchronization.

Note that when an idle processor initiates a phase transfer, other processors may still be

executing tasks. The idle processor must wait until every processor �nishes the current task

execution, as shown in Figure 4(b). If the task grain size is very large, a preemptive strategy is

encouraged to reduce the idle time. Although a phase transfer can cause idle, the idle time is not

signi�cantly large because phase transfers are not frequently invoked in many applications. Our

performance study has shown that the idle time caused by phase transferring in our algorithms

is much less than the idle time caused by load imbalance in other scheduling algorithms. Finally,

if a co-processor can handle load balancing and communication activities, the idle time can be

reduced. In this way, the main processor can continuously execute tasks when the co-processor

initiates a load balancing process.

Now we consider the phenomenon that parallelism in a system is limited. If the number of

tasks scheduled in a system phase is smaller than the number of processors, the following user

phase is de�ned as a low-parallelism phase. In this case, some processors may have no task being

scheduled. In the ANY policy, a processor that has not been scheduled a task will initiate the

next system phase immediately by broadcasting an init message. If the init signal arrives at a
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processor before the processor executes its �rst task, the processor will not be able to execute

any task before the next system phase. In an extreme case, a user phase can transfer to the next

system phase without any progress of task execution. To eliminate this problem, the eligibility of

the initiator is de�ned for the ANY policy. That is, a processor is eligible as an initiator if and

only if it has been scheduled at least one task in the previous system phase.

The second problem in a low-parallelism phase is the lack of awareness of low-parallelism

caused by the lazy scheduling. With the ANY-Lazy policy, the processors that are eligible as

initiators may keep generating and executing new tasks without knowing that other processors

that are not eligible as initiators may starve at the same time. With the ALL-Lazy policy, the

processors that have at least one task to execute may delay the global ALL reduction, leaving

other processors starving. To solve this problem, a lazy scheduling is required to be adapted

to the eager scheduling in a low-parallelism phase. In other words, the eager scheduling should

always be applied to increase parallelism in a low-parallelism phase.

Transfer from the system phase to the user phase does not require a synchronization. Each

processor terminates by itself and proceeds to the next user phase.

4. Parallel Scheduling

In this section we discuss global parallel scheduling, which is called parallel scheduling for short

in the following context. Parallel scheduling is di�erent from dynamic scheduling. With dynamic

scheduling, processors exchange information and work load concurrently. While some processors

are executing the user program, other processors may be executing the scheduling algorithm.

Only partial load information is collected in consideration of scalability, and it is impossible to

reach a fully-balanced load. Dynamic scheduling may be unstable and processor thrashing can

occur.

Parallel scheduling executes the scheduling algorithm in parallel. All processors cooperate

together to collect load information and to exchange work load in parallel. With parallel schedul-

ing, it is possible to obtain high-quality scheduling and scalability simultaneously. Furthermore,

parallel scheduling is stable because it is a synchronous approach.

Di�erent logical network topologies need di�erent scheduling algorithms. The algorithms for

the mesh and hypercube topologies can be found in [34]. Here we present a parallel scheduling

algorithm for the tree topology, in which the communication network is tree-structured and each

node of the tree represents a processor. The algorithm, called Tree Walking Algorithm (TWA),

is shown in Figure 5. The objective of scheduling is to schedule works so that each processor has

the same work load, which requires an estimation of task execution time. The estimation can be
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application-speci�c, leading to a less general approach. Sometimes, such an estimation is di�cult

to obtain. Therefore, in TWA, each task is presumed to require the equal execution time, and the

objective of the algorithm becomes to schedule tasks so that each processor has the same number

of tasks. Inaccuracy caused by grain-size variation can be corrected in the next system phase. An

algorithm with estimated time of tasks could improve load balancing to some extent. However,

the algorithm is more complex so that the scheduling overhead increases, which may overwrite

this bene�t. We will compare the performance of TWA to a modi�ed TWA with estimated time

to illustrate this trade-o�.

The other objective of this algorithm is to minimize communication overhead of load balancing.

Ideally, a task with a small communication/computation ratio should have a higher priority

to migrate. Although the communication/computation ratio is di�cult to predict, it has been

observed that the communication/computation ratio does not change substantially in a single

application. Thus, we can use the number of tasks migrated instead of the actual communication

cost as the objective function.

In this algorithm, the �rst step will be executed only at the system setup time. Steps 2 and 3

collect the system load information. In step 2, the total number of tasks is counted with a global

reduction operation. At the same time, each node records the number of tasks in its subtree

and its children's subtrees, if any. In step 3, the root calculates the average number of tasks

per processor and then broadcasts the number to every processor so that each processor knows

if its subtree is over-loaded or under-loaded for step 4. If the number of tasks cannot be evenly

divided by the number of processors, the remaining R tasks are evenly distributed to the �rst R

processors so that they have one more task than others. In step 5, the work load is exchanged so

that at the end of the system phase, each processor has the almost same number of tasks. This

algorithm is deadlock-free because there is no loop in the tree topology.

Example 1:

An example is shown in Figure 6 and Table I. The nodes in the tree are numbered by preorder

traversal. At the beginning of scheduling, each node has wi tasks ready to be scheduled. Values

of Wi are calculated at step 2. The root calculates the value of wavg and R:

wavg = 4; R = 5:

Then each node calculates the value of Qi at step 4. The numbers of tasks to be exchanged

between nodes are shown in Figure 6. The load exchange takes four communication steps to

�nish:
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Tree Walking Algorithm (TWA)

1. Assign each node an order i according to the preorder traversal; and Ni, the number of
nodes of its subtree, where i = 0; 1; :::;N � 1, and N = N0 is the number of nodes in the
system.

2. Let wi be the number of tasks in node i. Perform a sum reduction of wi and let Wi denote
the sum of wi in the subtree of node i. Each node also keeps records of Wi of its children
(if any).

3. The root calculates wavg = bW0=Nc and R = W0 mod N , and broadcasts wavg and R to all
other nodes.

4. Each node calculates its quota qi that indicates how many tasks are to be scheduled to the
node:

qi =

(
wavg + 1 if i < R

wavg if i � R

Each subtree, rooted at node i, calculates its quota

Qi =
X

all nodes in subtree i

qj

that indicates how many tasks are to be scheduled to the subtree. Qi can be calculated
directly as follows:

Qi = wavg �Ni + ri

where

ri =

8><
>:

0 if i � R

Ni if i � R�Ni

R� i if R�Ni < i < R

Each node keeps records of Qi and Qj , where node j is node i's child (if any).

5. Each node i waits for the incoming message from its parent if Wi < Qi, and the incoming
message from each of its children j if Wj > Qj .

Each node i, after it has received all incoming messages, sends (Wi�Qi) tasks to its parent
if Wi > Qi; and for each child j, if Wj < Qj , sends (Qj �Wj) tasks to child j.

Figure 5: Parallel tree walking algorithm
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1) node 3 to node 1, node 8 to node 6, node 4 to node 5
2) node 1 to node 0
3) node 0 to node 6
4) node 6 to node 7

At the end of scheduling, nodes 0{4 have 5 tasks each and nodes 5{8 have 4 tasks each.

i = 0
wi = 1

i = 1
wi = 4

i = 2
wi = 5

i = 3
wi = 11

i = 4
wi = 7

i = 5
wi = 2

i = 6
wi = 3

i = 7
wi = 3

i = 8
wi = 5

5 1

1
6 2 1

Figure 6: Example for the tree walking algorithm.

Table I: Example for the Tree Walking Algorithm

i wi Ni Wi Qi

0 1 9 41 41

1 4 3 20 15

2 5 1 5 5

3 11 1 11 5

4 7 2 9 9

5 2 1 2 4

6 3 3 11 12

7 3 1 3 4

8 5 1 5 4

In the following, we prove that the algorithm can

� achieve a well-balanced load;

� minimize the task migration and communication; and

� maximize locality.
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Theorem 1: The number of tasks in each processor di�ers by at most one after executing the

Tree Walking Algorithm.

Proof: Executing the algorithm, the number of tasks in processor i is

w
0

i = wi + (Qi �Wi) +
X

j is child of i

(Wj �Qj):

Because X
j is child of i

Wj = Wi � wi;

w
0

i = wi + (Qi �Wi) + (Wi � wi)�
X

j is child of i

Qj = Qi �
X

j is child of i

Qj = qi:

Since qi is either wavg or wavg + 1, the number of tasks in each processor di�ers by at most one.

2

When the total number of tasks can be evenly divided by N , the number of processors, each

processor has wavg tasks. Otherwise, each of the �rst R processors have (wavg + 1) tasks and the

rest of processors have wavg tasks. In the following, we assume that the number of tasks T is

evenly divided by N . When T cannot be evenly divided by N , the algorithm is nearly-optimal.

Theorem 2: The Tree Walking Algorithm minimizes the total number of communications and

the total number of task-hops
P

j ej , where ej is the number of tasks transmitted through edge j.

Proof: In TWA, there is one communication between subtree i and its parent if Qi 6= Wi.

When Qi 6= Wi, at least one communication is required. Therefore, the total number of commu-

nications is minimized.

In each subtree, if Qi � Wi, then it needs to receive from its parent (Qi �Wi) tasks, which

is the minimum number of tasks to be transmitted to the subtree. Similarly, if Qi < Wi, then

it needs to send to its parent (Wi � Qi) tasks, which is the minimum number of tasks to be

transmitted from the subtree. Therefore, the total number of task-hops
P

j ej is minimized. 2

This algorithm also maximizes locality. Local tasks are the tasks that are not migrated to

other processors, and non-local tasks are those that are migrated to other processors. Maximum

locality implies the maximum number of local tasks and the minimum number of non-local tasks.

The following lemma gives the minimum number of non-local tasks.

Lemma 1: To balance the load, the minimum number of non-local tasks isX
i

max(wavg � wi; 0):

Proof: Each processor with wi < wavg must receive (wavg�wi) tasks from other processors to

balance the load. Therefore, a total of
P

imax(wavg � wi; 0) tasks must be transmitted between

processors. 2
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Another measure of locality is
P

k dk, where dk is the distance that non-local task k has

traveled. The following theorem shows that the TWA algorithm maximizes locality in both

measures.

Theorem 3: The number of non-local tasks in the TWA algorithm is

X
i

max(wavg � wi; 0);

and the total number of distances
P

k dk traveled by non-local tasks is minimized.

Proof: In TWA, each processor receives tasks before sending tasks. At any time when

executing the TWA algorithm, the number of tasks in each processor is not less than min(wi; wavg).

Thus, in all processors, at least
P

imin(wi; wavg) tasks are local. Therefore, the number of non-

local tasks is no more than

N � wavg �
X
i

min(wi; wavg) =
X
i

(wavg �min(wi; wavg)) =
X
i

max(wavg � wi; 0):

As stated in Lemma 1, TWA minimizes the number of non-local tasks.

The total distance traveled by all tasks is equal to the total number of task-hops:

X
k

dk =
X
j

ej ;

which has been proved to be minimum by Theorem 2. 2

In this algorithm, steps 2 and 3 spend 2m communication steps, where m is the depth of the

tree. The communication steps in step 5 is that from a leaf node to another leaf node, which is

at most 2m. Therefore, the total communication steps of this algorithm is at most 4m. With a

balanced tree, m = logN , and the number of communication steps of this algorithm is O(logN).

In step 5 of the Tree Walking Algorithm, each node must receive all incoming messages before

sending out messages. This algorithm can be further optimized by relaxing this constraint, shown

in Figure 7, where only the �fth step in the TWA has been modi�ed and rewritten. We called

this algorithm the Modi�ed Tree Walking Algorithm (MTWA). In this algorithm, a node is able

to send some messages out before it has received all incoming messages. The communication time

and processor idle time can be reduced. It takes only two communication steps for Example 1:

1) node 3 to node 1, node 0 to node 6, node 6 to node 7,
node 8 to node 6, node 4 to node 5

2) node 1 to node 0

The Modi�ed Tree Walking Algorithm may have some negative impact in locality. In TWA,

a node can keep the maximum number of local tasks and send non-local tasks to other nodes.

But in MTWA, a node may send local tasks to other nodes and then receive tasks from others.

16



Modi�ed Tree Walking Algorithm (MTWA)

The �rst four steps are the same as TWA algorithm.

5. For each node i, construct two sets: one is InMsg set including all nodes that are expected
to send tasks to node i, and the other is OutMsg set consisting of all destination nodes to
which node i needs to send tasks. The two sets are constructed as follows:

If Wi < Qi, add its parent node to the InMsg set; if Wi > Qi, add tuple (its parent node,
Wi �Qi) into the OutMsg set.

For each of its child node j, if Wj > Qj , add its parent node to the InMsg set; if Wj < Qj ,
add tuple (its parent node, Qj �Wj) into the OutMsg set.

Sort the tuples in the OutMsg set according to the number of tasks in an increasing order
to form an OutMsg list.

While neither the InMsg set nor the OutMsg list is empty
while there is an incoming message arrived

receive the message and update the InMsg set
if there are adequate tasks to meet the �rst request in the OutMsg list

send the message to the destination node and update the OutMsg list

Figure 7: Modi�ed tree walking algorithm

Therefore, the decision on use of TWA or MTWA is a trade-o� between scheduling time and

locality.

5. Experimental Study

The RIPS system has been implemented on a 32-node TMC CM-5 machine. The network that

connects the processors in CM-5 is a 4-ary fat tree. Di�erent from the general tree topology used

in the Tree Walking Algorithm, CM-5 has all processors as leaf nodes. The algorithm shown in

Figure 8 is used in this implementation to map the scheduling tree to the fat tree topology. This

algorithm is designed to minimize the communication distance and to distribute communication

tra�c. The tree used in a 32-node system is shown in Figure 9.

The system has been tested with three application problems. The �rst one, the exhaustive

search of the N-Queens problem, has an irregular and dynamic structure. The number of tasks

generated and the computation amount in each task are unpredictable. The second one, iterative

deepening A* (IDA*) search is a good example of parallel search techniques [35]. The sample

problem is the 15-puzzle with three di�erent con�gurations. The grain size may vary substantially,

since it dynamically depends on the currently estimated cost. In addition, synchronization at
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Every node n in the fat tree has the following information in node[n]:
parent: its parent ID
numChild:the number of its children
child[4]: its children's ID
level: its level in the tree, the root has the highest level
a: being its parent's the ath child

There is a global table used during the tree construction:
nonLeaf[maxLevel][maxNodeinLevel]: the node ID in the fat tree

Scheduling tree construction algorithm for a 4-ary fat tree:
N is the number of nodes in the tree
L is the number of levels in the tree
K[i] is the number of nodes in the kth level

K[i] =

(
1 + (N � 1)=4i L � i � 1

N � L�
PL

j=1(N � 1)=4i i = 0

for i = L downto 1
for j = 0 to K[i] - 1

the corresponding node ID is

n = j � 4i +
Pi�2

k=0 4
k

setup relevant information about the tree at the ith level:
nonLeaf [i][j] = n

setup information at node n:
node[n]:level = i; node[n]:a = j mod 4

build up the parent and children relation:

p = node[n]:parent =

(
nonLeaf [i+ 1][j=4] i < L
�1 i = L

node[p]:child[node[p]:numChild] = n
node[p]:numChild= node[p]:numChild+ 1

for level 0
for i = 0 to N � 1, if node[i]:levelisunassigned

p = node[i]:parent = nonLeaf [1][i=4]
node[i]:a = node[p]:numChild
node[p]:child[node[p]:numChild] = i

node[p]:numChild = node[p]:numChild+ 1

Figure 8: Mapping algorithm that maps 4-ary fat tree to scheduling tree
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(a) a 4-ary fat tree

(b) scheduling tree

Figure 9: Mapping 4-ary fat tree to scheduling tree

19



each iteration reduces the e�ective parallelism. Performance of this problem is therefore not as

good as others. Search problems provide a high degree of parallelism. Then the major issue of

solving parallel search problems is to balance the load. Rao and Kumar have solved the 15-puzzle

problem with the IDA* search using a simple load balancing algorithm [36]. That is, whenever a

processor needs work, it sends a request to one of its neighbors. If the neighbor has work available

above the cuto� depth, it sends the extra work to the requesting processor; otherwise it sends a

reject message. This receiver-initiated, within-neighborhood algorithm can provide a fairly good

performance. However, it is not able to balance the load as well as RIPS can do.

The third one, a molecular dynamics program named GROMOS, is a real application prob-

lem [37, 38]. The test data for GROMOS is the bovine superoxide dismutase molecule (SOD),

which has 6968 atoms [39]. The kernel of the GROMOS code is a calculation of the forces between

pairs of atoms. Since the forces decrease as the distances between the pairs of atoms increase, they

are approximated by considering only pairs of atoms which are closer together than a prede�ned

cufo� radius. In our test, the cuto� radius is prede�ned to 8 �A, 12 �A, and 16 �A. GROMOS has

a more predictable structure. The kernel of the GROMOS code contains a parallelizable outer

loop, but has an inner loop for which the number of iterations varies between di�erent iterations

of the outer loop. Hanxleden and Kennedy ported GROMOS to CM-2 and DECmmp 12000 with

a transformation called loop 
attening to overlapping the executions of di�erent iterations [38].

In our implementation of GROMOS, only the outer loop is partitioned and each task has several

iterations of the outer loop. The number of tasks is known when the input data is given, but the

computation density in each task varies. Thus, a load balancing mechanism is necessary.

We �rst compare four combinations of the transfer policies: ALL-Eager, ALL-Lazy, ANY-

Eager, and ANY-Lazy. The application problems used in this comparison are the exhaustive

search with 14-Queens and GROMOS with the cuto� radius of 8 �A. Table II shows (1) the number

of system phases; (2) the total number of tasks and the number of tasks that are scheduled; (3)

the number of communications; (4) the average overhead time; (5) the average processor idle time;

and (6) the total execution time. The execution time is the sum of the overhead time, idle time,

and busy time, which is illustrated in Figures 10.

With the ALL-Eager policy, each system phase schedules tasks in one level of the tree and the

next user phase consumes all of the scheduled tasks. Therefore, the number of phases is equal to

the depth of the tree. Also, the number of scheduled tasks is equal to the total number of tasks,

as each task is scheduled exactly once. With the ALL-Lazy policy, the number of phases could

be less than or equal to the depth of the tree, since some tasks are executed locally without being

scheduled.

The number of phases in the ANY policy can be larger than the depth of the tree. The

number of tasks scheduled may exceed the number of tasks, which implies that some tasks may
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Table II: Policy Comparison on 32-node CM-5

# of # of # of tasks # of overhead idle time exec. time

phases tasks scheduled comm. (seconds) (seconds) (seconds)

14-Queens ALL Eager 5 11166 11166 301 0.29 1.78 8.34
Lazy 4 11166 170 248 0.14 1.11 7.52

ANY Eager 10 11166 15235 3948 0.67 0.09 7.03
Lazy 8 11166 3997 1776 0.52 0.08 6.87

GROMOS ALL Eager 3 4986 4986 186 0.89 1.98 6.15
(8 �A) Lazy 2 4986 1022 124 0.85 2.01 6.16

ANY Eager 10 4986 10688 3596 1.10 0.12 4.50
Lazy 7 4986 6012 2322 0.60 0.11 3.99

be scheduled more than once. With the ANY-Lazy policy, the number of tasks scheduled could

also be smaller than the total number of tasks, since some tasks may not be scheduled.

The number of communications listed in Table II includes only the communications to transfer

from user phases to system phases, but not the communications in the system phases. In general,

the number of communications with the ALL policy is less than that with the ANY policy. Most

communications with the ANY policy come from many simultaneous init messages. The number

of communications with the lazy scheduling is less than that with the eager scheduling, because

the number of phases with the lazy scheduling is smaller than that with the eager scheduling.

The overhead time is the time spent on the bookkeeping, information collection, and load

balancing. The idle time is the time the processor has no work to do. The overhead time and

the idle time listed in Table II are the average time at one processor when averaged across all

processors. The ALL policy involves fewer phases and communications so that the overhead is

smaller. However, because all processors must wait until every ready task has been executed,

processor idle time is large. On the other hand, the ANY policy, although it involves larger

overhead, balances the load well and reduces the idle time. The total execution time of the ANY

policy is consistently less than that of the ALL policy. The lazy scheduling is better than the

eager scheduling since it involves less overhead and idle time.

In summary, the ALL policy is easy to implement and involves less communication. However,

it has some potential drawbacks. It does not allow task rescheduling and therefore is not able

to correct the load imbalance due to the grain size variation. A processor that has �nished

execution must wait for other processors to �nish, resulting in processor idle. To utilize the

resource of every processor, a system phase can be triggered earlier, determined by the ANY

policy. The ANY policy results in more system phases and larger overhead, but reduces processor
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Figure 10: Policy comparison.

idle time. In the eager scheduling, each task must be scheduled before execution. In contrast,

the lazy scheduling allows an unscheduled task to execute. The lazy scheduling outperforms the

eager scheduling, since it reduces the number of tasks to be scheduled, as well as the number of

scheduling phases.

The Modi�ed Tree Walking Algorithm (MTWA) does not improve performance signi�cantly

compared to the Tree Walking Algorithm (TWA).While MTWA reduces the communication steps,

its locality is not as good as TWA. In general, non-local tasks in MTWA are about 40 percent

more than that in TWA. We did not conduct an extensive comparison since both algorithms

perform about the same. Therefore, only the performance with the Tree Walking Algorithm is

shown below.

For comparison purposes, we have also implemented a TWA algorithm with estimated time

(TWAET). In this algorithm, each task is assigned a weight which is its estimated execution time.

The estimation is obtained by taking the average of the execution time for the same type of tasks.

The weights of all tasks in a processor are added up and then the total weight of tasks in all

processors is obtained by a global reduction of the sum. The root calculates the average weight

per processor and broadcasts it to all processors. Thus, each processor knows how much work

load needs to be sent to other processors and executes a packing algorithm to select some tasks

so that the total weight of these tasks is roughly the weight required to be sent. The tasks need

to be packed before they are sent out. This algorithm is more expensive because of its message

packing, bu�er copying, and 
oating-point operations. The comparison is shown in Table III.
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TWAET can balance the load better and the idle time is less than that of TWA. On the other

hand, TWAET is more complex than TWA, resulting in a larger overhead. TWAET is faster for

some instances and TWA is faster for other. Performance of both algorithms is roughly the same.

Therefore, in the following comparison, we use only the TWA algorithm.

Table III: Comparison of TWA and TWAET Algorithms

overhead idle time exec. time e�ciency
(seconds) (seconds) (seconds)

Exhaustive search TWA 0.29 0.05 1.36 75%
13-Queens TWAET 0.40 0.04 1.46 72%

Exhaustive search TWA 0.52 0.08 6.87 91%
14-Queens TWAET 0.59 0.06 6.90 90%

Exhaustive search TWA 0.97 0.23 42.0 97%
15-Queens TWAET 0.97 0.16 41.8 97%

IDA* search TWA 0.53 0.13 2.04 66%
con�g. #1 TWAET 0.80 0.09 2.24 60%

IDA* search TWA 1.17 0.41 7.98 80%
con�g. #2 TWAET 1.47 0.28 8.13 78%

IDA* search TWA 2.04 0.52 30.2 91%
con�g. #3 TWAET 3.01 0.37 30.9 89%

GROMOS TWA 0.60 0.11 3.99 82%
(8 �A) TWAET 0.62 0.10 4.00 82%

GROMOS TWA 1.16 0.36 11.4 87%
(12 �A) TWAET 1.12 0.24 11.2 88%

GROMOS TWA 0.95 0.65 22.4 93%
(16 �A) TWAET 0.97 0.61 22.4 93%

In Table IV, we compare RIPS to three dynamic load balancing strategies: random allocation,

gradient model and RID. The performance of RIPS shown in Table IV is with the ANY-Lazy

policy. The comparison is done with (1) the number of tasks that are sent to other processors,

which is a measure of locality; (2) the overhead time, which includes all system overhead; (3) the

idle time, which is a measure of load imbalance; (4) the execution time; and (5) the e�ciency. Here,

the e�ciency is de�ned as � = Ts
Tp�N

, where N is the number of processors, Ts is the sequential

execution time, and Tp is the parallel execution time. Although the randomized allocation does

not have good locality, it can balance the load fairly well. The gradient model does not show

good performance for the N-Queens problem. However, it performs fairly on the less irregular,

highly parallel GROMOS program. Generally speaking, it cannot balance the load well, since the

load is spread slowly. In addition, the system overhead is large since information and tasks are

frequently exchanged. The RID parameters should be selected as a function of the number of tasks
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Table IV: Comparison of Four Scheduling Algorithms on 32-node CM-5

# of # of non- overhead idle time exec. time e�ciency
tasks local tasks (seconds) (seconds) (seconds)

Exhaustive Random 7579 7342 0.40 0.08 1.50 68%
search Gradient Model 7579 4255 0.97 0.88 2.87 36%

13-Queens RID 7579 2597 0.41 0.10 1.53 67%
RIPS 7579 314 0.29 0.05 1.36 75%

Exhaustive Random 11166 10832 0.62 0.25 7.14 88%
search Gradient Model 11166 6305 1.28 5.45 13.0 48%

14-Queens RID 11166 4218 0.57 0.27 7.11 88%
RIPS 11166 645 0.52 0.08 6.87 91%

Exhaustive Random 15941 15459 1.10 1.50 43.4 94%
search Gradient Model 15941 9058 2.10 30.5 73.4 56%

15-Queens RID 15941 7103 0.78 1.42 43.0 95%
RIPS 15941 925 0.97 0.23 42.0 97%

IDA* Random 2895 2804 0.34 0.63 2.31 58%
search Gradient Model 2895 2010 0.85 1.70 3.89 34%

con�g. #1 RID 2895 619 0.95 2.57 4.86 28%
RIPS 2895 203 0.53 0.13 2.04 66%

IDA* Random 3382 3277 0.65 1.97 9.02 71%
search Gradient Model 3382 2184 2.34 7.25 16.0 40%

con�g. #2 RID 3382 382 3.20 14.8 23.4 27%
RIPS 3382 257 1.17 0.41 7.98 80%

IDA* Random 29046 28138 1.33 4.65 33.5 82%
search Gradient Model 29046 19285 2.28 22.6 52.3 52%

con�g. #3 RID 29046 3038 2.35 6.83 36.7 75%
RIPS 29046 1138 2.04 0.52 30.2 91%

GROMOS Random 4986 4831 0.26 0.56 4.10 80%
(8 �A) Gradient Model 4986 2311 0.52 0.73 4.53 72%

RID 4986 528 0.43 0.36 4.07 81%
RIPS 4986 494 0.60 0.11 3.99 82%

GROMOS Random 4986 4833 0.25 1.76 11.9 83%
(12 �A) Gradient Model 4986 2184 0.51 1.40 11.8 84%

RID 4986 547 1.01 0.90 11.8 84%
RIPS 4986 556 1.16 0.36 11.4 87%

GROMOS Random 4986 4832 0.26 3.94 25.0 83%
(16 �A) Gradient Model 4986 2363 0.54 5.26 26.6 78%

RID 4986 485 1.79 2.01 24.6 84%
RIPS 4986 582 0.95 0.65 22.4 93%
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per processor and the granularity of these tasks [40]. Three parameters, LLOW , Lthreshold, and u

are adjusted to their optimal values: 2, 1, and 0.4, respectively. RID shows a better performance

than the randomized allocation in most cases. However, it does not perform well for IDA* because

of its low parallelism. It is known that a receiver-initiated approach does not do well in a lightly-

loaded system [13]. When the problem size becomes large, such as the con�guration #3, RID's

performance is improved. In RIPS, the Tree Walking Algorithm can balance the load very well

and the incremental scheduling is able to correct the load imbalance. Many people may expect

large overhead from this accurate load-balancing algorithm. A surprising observation is that the

overhead of RIPS is slightly larger than that of the randomized allocation and much smaller

than that of other dynamic scheduling algorithms, such as the gradient model. It is partly due

to the fact that many tasks are packed together for transmission, which reduces communication

overhead, whereas, in dynamic scheduling, tasks are distributed individually.

Next, we use the randomized allocation as a baseline algorithm and show the relative per-

formance of other scheduling algorithms. First, an optimal e�ciency is calculated assuming

(1) optimal scheduling; and (2) no overhead. The optimal e�ciency is the best possible e�ciency

that can be obtained for a given problem on an ideal system. The optimal e�ciencies for di�erent

problem sizes are shown in Table V. A measure used to determine the e�ectiveness of scheduling

algorithm g is the normalized quality factor:

F =
�opt � �rand
�opt � �g

;

where �opt is the optimal e�ciency, �rand is the e�ciency of the randomized allocation algorithm,

and �g is the e�ciency of algorithm g. The factor of the randomized allocation algorithm is equal

to 1. If the algorithm performs better than the randomized allocation, its value is larger than 1.

Otherwise, it is smaller than 1. The normalized quality factors of these test problems are shown

in Figure 11. For small problem sizes, the system overhead dominates the factor, whereas for

large problem sizes, the factor is dominated by scheduling quality because the system overhead is

relatively small. Therefore, the di�erence between scheduling algorithms can be easily recognized

when the problem size is large.

Table V: Optimal E�ciencies for Test Problems

Exhaustive Search IDA* Search GROMOS

13-Queens 14-Queens 15-Queens con�g. 1 con�g. 2 con�g. 3 8 �A 12 �A 16 �A

98.8% 99.2% 99.4% 85.3% 91.7% 97.2% 98.9% 98.9% 98.9%

RIPS has been ported to a large CM-5 machine. Table VI shows a speedup comparison of

four scheduling algorithms. Both the randomized allocation and RID scale up well and RIPS
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Table VI: Speedup Comparison on Large CM-5

Number of Processors
64 128 256 512

Exhaustive Random 57.0 107 208 361
search Gradient Model 29.1 38.0 39.1 38.8

15-Queens RID 57.5 104 186 323
RIPS 60.3 116 225 402

IDA* Random 47.1 71.8 103 139
search Gradient Model 30.4 41.3 52.7 59.6

con�g. #3 RID 28.0 27.3 24.0 20.2
RIPS 54.3 84.8 123 176

GROMOS Random 50.6 97.3 189 355
(16 �A) Gradient Model 41.6 41.8 41.8 40.1

RID 48.8 75.6 92.9 110
RIPS 55.7 109 216 387

performs even better. The gradient model does not scale well because it spreads the load slowly.

RID performs well for the N-Queens problem, but not for IDA* search because con�guration #3

does not have enough parallelism on large systems. The value of u needs to be adjusted for low

parallelism on large systems. For IDA*, it has been adjusted to 0.7, and for other two problems,

it remains at 0.4.

6. Concluding Remarks

It has been widely believed that a scheduling method that collects load information from all

processors in the system is neither practical, nor scalable. This research has demonstrated a

scalable scheduling algorithm that uses the global load information to optimize load balancing.

At the same time, this algorithm minimizes the number of tasks to be scheduled and the number

of communications. Furthermore, in a dynamic system, when it intends to quickly and accurately

balance the load, the system could become unstable. In RIPS, a synchronous approach eliminates

the stability problem and is able to balance the load quickly and accurately.

RIPS combines the advantages of static scheduling and dynamic scheduling, adapting to dy-

namic problems and producing high-quality scheduling. It balances the load very well and ef-

fectively reduces the processor idle time. Tasks are packed to be sent to other processors which

reduces signi�cantly the number of messages. Its overhead is comparable to the low-overhead
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randomized allocation. It applies to a wide range of applications, from slightly irregular ones to

highly irregular ones.
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