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Abstract
This paper examines memory management issues

associated with Time Warp synchronized parallel sim-
ulation on distributed memory machines. The paper
begins with a summary of the techniques which have
been previously proposed for memory managementon
various parallel processor memory structures. It then
concentrates the discussionon parallel simulation ex-
ecuting on a distributed memory computer|a system
comprised of separate computers, interconnected by a
communications network. An important characteris-
tic of the software developed for such systemsis the
fact that the dynamic memory is allocated from a pool
of memory that is shared by all of the processesat a
given processor.

This paper presents a new memory management
protocol, pruneback, which recovers space by discard-
ing previous states. This is di®erent from all previ-
ous schemessuch as arti¯cial rollback and cancelback
which recover memory space by causing one or more
logical processesto roll back to an earlier simulation
time.

The paper includes an empirical study of a paral-
lel simulation of a closed stochastic queueingnetwork
showingthe relationship between simulation execution
time and amount of memory available. The resultsin-
dicate that using pruneback is signi¯cantly more e®ec-
tive than arti¯cial rollback (adapted for a distributed
memory computer) for this problem. In the study,
varying the memory limits over a 2:1 range resulted
in a 1:2 change in arti¯cial rollback execution time
and almost no changein pruneback execution time.

1 In tro duction
There is always the desire to improve the perfor-

mance of simulation in general and of parallel sim-
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ulation in particular. One aspect of performance is
the amount of memory required to complete the sim-
ulation. If there is enough memory, then memory is
seldom considered. However, if there is insu±cient
memory to complete the simulation, then the perfor-
manceof the simulation is non-existent.

This paper examinesthe question of memory man-
agement in Time Warp simulation. Whereas previ-
ously reported techniqueshave beenproposedfor var-
ious processorstructures, this paper concentrates the
discussionon parallel simulation executing on a dis-
tributed memory computer. Software developed for
such systemsis characterized by the fact that the dy-
namic memory is allocated from a pool of memory
that is sharedby all of the processesat a given proces-
sor. In this context, we present a new memory man-
agement protocol, pruneback, which recoversspaceby
discarding previous statesand not by changing the lo-
cal virtual time (LVT) of one or more processes.This
is di®erent from all previous schemes,such as arti¯-
cial rollback and cancelback, which recover memory
spaceby causingone or more logical processesto roll
back to an earlier simulation time. We present an em-
pirical study which suggeststhat using pruneback is
signi¯cantly more e®ective than arti¯cial rollback on
a distributed memory computer.

The rest of the paper is organizedas follows. Sec-
tion 2 brie°y addressesthe question of memory usage
and memory management in Time Warp simulation.
Section 3 proposesa simple classi¯cation scheme for
memory management algorithms which attempt to re-
cover from memory stalls, and categorizesthe known
algorithms. In Section4, algorithms developed specif-
ically for distributed memory machines are discussed,
and the new algorithm, pruneback, is described. Sec-
tion 5 presents experimental results which show the
performance of pruneback vs. arti¯cial rollback and
Section 6 summarizesthe contributions of this work.



2 Memory Usage in Time Warp Simu-
lation

There have been a number of studies which ex-
amine the minimum amount of memory required for
various Time Warp implementations[1, ?{3]. Many of
these reports concentrate on parallel execution with
either the sameamount of memory as the sequential
simulation or with an amount of memory that is of
the sameorder as that of sequential simulation. Al-
though these are very important issuesfrom a theo-
retical point of view, thesereports also point out that
the time penalty associated with parallel execution
using the sameamount of memory as the sequential
simulation may be extremely high. One recent study
proposesan adaptive memory management technique
which usesdynamically allocated memory constraints
to limit memory usageand to limit optimism in a Time
Warp system[4]. All of these systemsconcentrate on
guaranteed performance. That is, if the systemhasan
amount of memory of the sameorder as that required
by the sequential simulation, then the speci¯ed mem-
ory control technique will guarantee completion. One
other characteristic sharedby thesetechniquesis that
in order to provide this guarantee, the memory must
be managedas one common pool from which any LP
can requestmemory storage. Although theseschemes
can be adapted to execute with other memory mod-
els, they can no longer provide a guarantee of memory
usage on the same order as the sequential memory
usage. This di®erencebetween a guaranteed comple-
tion of the simulation, and a heuristic to improve the
probabilit y of completion is an important di®erence.
In [?], the abilit y of a memory management technique
to complete the simulation in an amount of memory
of the same order as that required for sequential is
referred to as a memory optimal technique.

A distributed memory systemis doomed to require
signi¯cantly more memory than any reasonable se-
quential implementation. Consider the casewith N
processors,each with the same amount of memory
available for dynamic allocation, say M . In a patho-
logical case,N ¡ 1 of the processorsare idle at a given
simulation time, ¿, and all of the events to be exe-
cuted residein a single processor,P. In a Time Warp
system, the entire sequential state (speci¯cally all of
the events on the sequential event list) must be stored
at all times. Thus, if GVT is ¿, since all of the se-
quential state happens to be resident at P, then M
must be (at least) large enough to hold the largest
possiblesequential event list, say M 0. As a result, in
a distributed memory system,when executing a Time
Warp algorithm there may be a needfor at least N M 0

total storagecapacity in the system.
All of the LPs consumesomeportion of the avail-

able memory. If at any time a processexhausts its
available memory, then it is possiblethat the simula-
tion will stall and never complete. We refer to this as
a memory stall |the overall simulation is stalled due
to insu±cient memory. The objective of the proposed
technique is to delay the onset of a memory stall.
2.1 Memory Ob jects

The memory usedin an optimistically synchronized
simulation, such as the basic Time Warp system de-
scribed by Je®erson[5], can be classi¯ed into the fol-
lowing three categories:

State Storage Usedto store someor all of the vari-
ous states (or state vectors) required by an LP during
execution.

Input Message Storage Used to store the mes-
sagesthat have beenreceived by an LP.

Output Message Storage Used to store copiesof
the messagessent by the LP (for cancelation pur-
poses).

Although it is theoretically possibleto maintain a
complete set of theseobjects, this is seldompractical.
As a result the concept of global virtual time (GVT)
hasbeenintro ducedto Time Warp asa measureof the
smallest virtual time to which a rollback is possible
(at any given execution time) during the courseof a
simulation[5].

In someimplementations it is di±cult to compute
the precise value of GVT without temporarily stop-
ping the progressof the simulation. In these casesa
number of di®erent GVT-lik e times may be consid-
ered. Figure 1 shows the relationship among these
times. Pleasenote that these times are virtual times
and that each varies with execution time.

-virtual time

0 SGVT GVT

EGVT LVT

Figure 1: Relationships amongthe Important Simula-
tion Time Values

In Figure 1, LVT is the current local virtual time
of the LP. GVT is the true global virtual time. This is
the value that would be calculated if the simulation
was stopped, all in-transit messagesdelivered, and
GVT calculated. There will be no rollbacks to a sim-
ulation time smaller than GVT. EGVT is the current
estimate for GVT. In a distributed systemwhich does



not calculate a perfect GVT, an estimate that is not
larger than the real GVT is used. Given a value for
EGVT, it may be possiblethat any given LP will not
have a state corresponding to EGVT. (E.g., this can
arise if sparse checkpointing is used, i.e., the check-
point interval is greater than one [?].) As a result the
state vector with the largest virtual time, smaller than
(or equal to) EGVT becomesthe surrogateGVT state
(SGVT). Since,as far as the LP is concerned,at any
time a messagecould arrive with a receive timestamp
of EGVT, it must be possibleto obtain the state vec-
tor for EGVT. Thus, the state vector with timestamp
SGVT and all messageswith receive times greater
than or equal to SGVT must be preserved so that the
EGVT can be recomputed, if required. Although it
is logically a separateactivit y, fossil collection is often
intimately tied to GVT updates. Thus, in this dis-
cussionwe have assumedthat all states and messages
having a timestamps smaller than SGVT are fossils
and have beendeleted from storage.

All of the messageobjects corresponding to a sim-
ulation time greater than SGVT must be stored in
dynamically allocated memory. In addition, some of
the state objects must be stored. At least the states
corresponding to SGVT and LVT must bemaintained.

2.2 Memory Pool Mo dels
The memory objects described in Section 2.1 are

dynamically allocated, as required. The storage is al-
located from a pool of memory. There are many pos-
sible memory pool models for parallel algorithms such
as Time Warp. Two perspectives that can be usedto
consider the memory alternativ es are: the view from
the hardware|i.e., how is the actual machine con-
structed; and from the software|ho w is the userinter-
face to the memory structured. Although it is clearly
possibleto implement a given software model on a any
hardware model, it is also important to keep in mind
that a particular mapping may intro duce large time
penalties. E.g., to treat a set of workstations, com-
municating using a slow network, as having a single
sharedmemory spacewith a uniform accesstime may
lead to very poor performance.

When a process requests more dynamically allo-
cated memory, that memory can be allocated: from
a pool pre-allocated to that process (process pool);
from a pool pre-allocated to the processorthat ex-
ecutes that LP (processor pool); or from a common
pool of dynamically allocated memory used by all of
the LPs in the simulation (global pool).

In the caseof a distributed memory architecture,
it is possibleto implement the global pool scheme. If
the memory accesstimes are non-uniform (as would

likely be the caseif somememory is on the local pro-
cessorand some is on a remote processor), then the
performance penalty associated with storing someof
the statesor messageson a remote computer could be
unacceptably large. It has been pointed out that, as
the cost (in executiontime) of checkpointing increases,
the execution time generally increases[?].
2.3 Memory Managemen t Techniques

There are many algorithms that addressthe mem-
ory management problem[2]. They are summarized
below.

Algorithms that reclaim memory that is no
longer needed. Each time EGVT is recalculated,
SGVT may be advancedand, thus, there may be some
memory objects that are no longer needed(fossils).
Algorithms which ensurethat EGVT is closeto GVT
will tend to decreasethe onset of a memory stall by
reducing the total memory requirements.

Algorithms that attempt to use less memory .
There are two basic techniques to reducethe memory
requirements of a simulation during execution: reduce
the size of the state that must be saved; and reduce
the number of states that must be saved.

One technique to reducethe sizeof the state saved
is incremental state saving which saves only a subset
of each LP's state each time the LP is activated[6].

Two techniquesto reducethe number of statesthat
are saved are: to use a checkpoint interval that is
greater than one[?]; and to constrain optimism in some
manner such as Breathing Time Warp[7].

Algorithms that attempt to recover from a
memory stall. The previous algorithms seekto de-
lay the onset of a memory stall. Although this may
be su±cient in somecases,there will always be those
casesthat will eventually stall due to memory star-
vation. Algorithms which attempt to recover from a
memory stall are all similar in that they select one
or more objects to discard in an e®ort to free enough
memory to permit the simulation to proceed. Pre-
viously proposedalgorithms are described in [2]. Sec-
tion 3 examinesthe operation of thesealgorithms with
particular attention to the type of memory pool avail-
able.

3 Algorithms that A ttempt to Recover
from a Memory Stall

One of the key issuesin understanding the various
proposalsfor memory stall recovery is locality. In the
Time Warp parallel simulation environment there are
two locality issues|ho w local is the memory exhaus-
tion and how local is the memory that is recovered.



We call the former the memory stall trigger and the
latter the memory recovery target.

3.1 Memory Stall Triggers
The event which triggers a memory stall is an at-

tempt by some LP to allocate extra storage. If this
attempt to allocate fails, then a memory stall recov-
ery schememust be initiated 1. The question of local-
it y with respect to the memory trigger is a question of
which type of pool has run out of memory.

Self A self-triggered memory stall occurs when an
LP in the processpool memory model runs out of mem-
ory.

Lo cal A locally-triggered memory stall occurs in the
processor pool memory model when an LP detects
that there is no more memory for any of the LPs
on the given processor. As a result, several LPs are
stalled and cannot proceeduntil someremedial action
is taken.

Global A globally-triggered memory stall occurs
when all of the memory in the global pool memory
model has beenexhausted.

3.2 Memory Recovery Targets
The target of a memory stall is the LP (or LPs)

which must take remedial action to resolve the mem-
ory exhaustion. In many systemssuch remedial action
involves removing stored object(s), (i.e., messagesor
state vectors) and performing any required rollback
operations. For this presentation it is convenient to
maintain the symmetry with the memory stall trigger
discussionand to regard the LP associated with the
memory to be recovered as the memory recovery tar-
get. Oncean LP has detected the memory stall, there
are three setsof LPs from which the memory target(s)
can be chosen:

Self In a self-target system, the only alternativ e is
to take remedial action to reduce spaceusagewithin
the LP which has detected the memory exhaustion
condition.

Lo cal In a local-target system,any LP (or LPs) res-
ident at the sameprocessoras the LP which has de-
tected the memory exhaustion can be required to take
remedial action in order to reclaim space.

1 In most implementations, GVT is updated and fossil col-
lection done following a memory stall and before the memory
recovery technique is initiated. In this description, we assume
that GVT has been recalculated and that the fossil collection
has been completed. In the empirical study, EGVT is updated
regularly , however, the simulation is not stopped each time a
processorexhausts its memory pool

Global In the global-target system,any LP (or LPs)
canberequired to take remedialaction by the memory
recovery technique.

Rollback based schemesrecover spaceby causing
someLP to take remedial action. This action could in
turn trigger secondaryrollback operations. In this dis-
cussion,the LP(s) chosenby the memory control tech-
nique is (are) the primary target(s). Other LPs rolled
back asa result of the primary target's actions are not
consideredasmemory targets. Previous schemeshave
implemented the remedial action through the use of
Time Warp's rollback mechanism[2]. In the proposed
scheme,state vectorsare removed from memory and if
they are required at somelater point, then the coast-
forward facilities of Time Warp operating with sparse
checkpointing are usedto recreatethe missing state.

3.3 Com binations of Triggers and Targets
The previousdiscussionsuggeststhat there arenine

possible systems (three types of triggers for each of
three typesof targets). The emphasisof this paper is
on one particular case|lo cal-trigger, local-target. In
order to place that model in context, we summarize
three of the most probable combinations of triggers
and targets.

3.3.1 Self-T rigger, Self-T arget Techniques

In this type of system, each processacts as its own
agent. If an LP detectsthat it hasexhaustedits mem-
ory, then someremedial action is taken. Two schemes,
described in the literature, which usea self-trigger self-
target structure are sendback and Gafni's Algorithm.
Theseare summarizedbelow.

Message Sendbac k This technique wasintro duced
to provide some°ow control in a Time Warp imple-
mentation. When a messagearrives at a process,i ,
which has run out of memory space, some message
(the new one or some other one) is sent back to its
originating process,j . When the originating process
receives the sent back message,it rolls back to the
state when the messagewas sent. The primary goal
is to return i to a condition where there is room to
processone message[1,5].

Gafni's Proto col When an LP runs out of memory,
this protocol selectsa memory object and discards it.
If it is an input message,then the sendback scheme
is used. If the object is an output messagethen the
antimessageis sent to the destination (causing a roll-
back). If the object is a local state vector, the process
rolls back to a previous state[?, 2,8].



3.3.2 Global-T rigger, Global-T arget Tech-
niques

Two global-trigger, global-target techniqueshavebeen
described in the literature. They have both been
shown to be memory optimal by Lin[?].

Cancelbac k Cancelback extends Gafni's protocol
to selectany memory object, with a timestamp greater
than GVT for cancelling[1].

Arti¯cial Rollbac k Arti¯cial rollback can be
viewed as a simpli¯ed implementation of cancelback.
In arti¯cial rollback, oncethe stall has beendetected,
rather than choosingany object (messageor state vec-
tor) to delete, and possibly dealing with the sendback
mechanism, the LPs themselvesreleasestorageby (ar-
ti¯cially) forcing a rollback[?, 9].

3.3.3 Lo cal-T rigger, Lo cal-T arget Techniques

In this type of system, each processoracts as its own
recovery agent. Although it is a speci¯c LP which
detects the problem, the object to be deleted (and
the LP to be targeted) can be any of those present
at the local processor. An implementation basedon
this technique cannot be memory optimal asdescribed
in Section 2. It may be necessaryto have the total
memory required for the sequential simulation present
at every processor.

The schemes described under the previous mem-
ory trigger, memory target models could be adapted
for application in the local-trigger local-target mem-
ory model. However, they would not be memory op-
timal. In Section 4 we summarize the operation of
two local-trigger, local-target heuristics: local-trigger,
local-target arti¯cial rollback and local-trigger, local-
target pruneback.

4 Lo cal-T rigger, Lo cal-T arget Tech-
niques

In this sectionweconsiderlocal-trigger, local-target
techniques for recovering from memory stalls. The
need for this class of technique arises in distributed
memory, message-passingarchitectures, in which it is
ine±cient to operate using a global memory pool.

We identify two categories of local-trigger,
local-target techniques|the existing rollback-based
schemesdiscussedin the previous section and a new
non-rollback basedschemecalledpruneback. Sincethe
various rollback basedrecovery schemesdescribed in
the previous section operate on a similar basis, we
have chosento comparepruneback with the arti¯cial
rollback scheme.

4.1 Arti¯cial Rollbac k|A
Rollbac k-Based Recovery Scheme

Arti¯cial rollback is described in detail in [?]. For
our purposes,the technique is modi¯ed in a straight-
forward way to permit it to work as a local-trigger,
local-target method. The modi¯cation is very minor:
the set of LPs impacted by a memory stall is restricted
to thoseat the local processor.This modi¯cation does
meanthat the systemis no longer memory optimal[?].
This scheme is intro duced as a variant of an existing
technique to which pruneback can be compared.

Consider the operation of Processor2 in the simu-
lation shown in Figure 2. Assumethat there is room
in the dynamic storagearea(of processor2) to hold 11
states. In Figure 2(a), a memory stall has occurred.
When this occurs fossil collection reclaims as much
storage as possible. In this example there are two
state vectors that can be reclaimedwithin processor2
(marked as F in Figure 2(a)). As a result of this re-
claimed storage, two more events may be processed
(labeled F 0 in Figure 2(b)). If we assumethat GVT
doesnot advanceasa result of the evaluation of the F 0

states, then onceagain processor2 is memory stalled.
At this point arti¯cial rollback is invokedand the most
advancedstates are cancelled(the states marked A in
Figure 2(c)). Although it would be possibleto cancel
only one state, as pointed out in [2] it also possibleto
de¯ne a salvagelevel which attempts to reclaim a given
amount of storageoncearti¯cial rollback has beenin-
voked. In the ¯gure 36% of the storage has been re-
claimed. In the empirical study, Section5, 25%of the
storage, at a memory stalled processor, is recovered
during an arti¯cial rollback operation.

4.2 Prunebac k|A Non-Rollbac k-Based
Recovery Scheme

The rollback basedrecovery schemesdi®er in how
they selectmemory objects to remove but, in the ¯nal
analysis,they all usethe rollback mechanismbuilt into
Time Warp to facilitate memory recovery. The scheme
proposed in this section is not based on the use of
rollback to recover the space. However, it does rely
on the coast-forward component of the usual rollback
schemeto recover should somestate information need
to be reconstructed.

The basicoperation involvesa pruning of the saved
state vectors of all of the local LPs when memory ex-
haustion is detected. The pruning operation involves
selecting various state vectors for deletion. Which
states, and how many states should be pruned are
implementation dependent 2. However, there are some

2 In the empirical study described in Section 5 one out of
every 4 states at a processor is pruned.
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Figure 2: Snapshot of a Simulation using Arti¯cial
Rollback

constraints that aresimilar to thoseinvolved in the im-
plementation sparsecheckpointing (i.e., checkpoint in-
tervals greater than one)[?]. For example, you should
never prune the current state or the SGVT state.

Consider the simulation snapshot shown in Fig-
ure 3. The system characteristics are the same as
those in Figure 2, the only di®erenceis that follow-
ing the second memory stall, pruneback is invoked
rather than arti¯cial rollback. In Figure 3 a num-

ber of states have been pruned prior to the onset of
the ¯rst memory stall. This meansthat the stall oc-
curs at a larger virtual time. As a result of the pruned
statesthe sequential state, that is the events that must
be preserved (or be able to be recreated) so that the
system state at GVT can be recreated may not be
those closest to GVT for all processes.In fact, LP3

in Figure 3(a) has a state (marked y) which has been
pruned that is part of the sequential state. In this
casea state with a smaller virtual time (marked x)
has beenpreserved so that the sequential state could
be recreated. In this examplethere is onestate vector
that can be reclaimedwithin processor2 (marked asF
in Figure 3(a)). As a result of this reclaimed storage,
one more event may be processed(labeled F 0 in Fig-
ure 3(b)). If we assumethat GVT doesnot advanceas
a result of the evaluation of the F 0 states, then once
again processor2 is memory stalled. At this point
the pruneback algorithm is invoked causingthe states
marked P in Figure 3(c) to be reclaimed. Note, the
pruned states were usedduring simulation but are no
longer stored. When pruneback is invoked, states can
be deleted from any of the processesin the processor.

In order to freethe sameamount of memory in both
arti¯cial rollback and pruneback, pruneback may need
to delete more states. This is becausethe rollback-
basedtechniques free both the state vectors and the
input and output messagequeues, while pruneback
freesonly the state vector memory space.
4.3 Memory Optimalit y

It should be pointed out that neither of theselocal-
trigger, local-target schemesarememory optimal. The
reasonfor this is rooted in the fact that, it cannot be
guaranteed in either casethat the LP critical to the
completion of the simulation (in optimal memory) will
be able to obtain a state bu®er.

5 Results
Preliminary versions of the arti¯cial rollback and

pruneback algorithms were added to the Yaddesexe-
cution kernel[?]. They have beenusedto demonstrate
the relative performance of the two memory control
techniquesin the presenceof more than enoughmem-
ory to complete the simulation. It should be noted
that the Time Warp implementation used in these
tests is non-preemptive. Thus, oncean LP hasstarted
processingan event, the execution of that event is
completedbeforea subsequent rollback can takeplace.
Unfortunately, some of the more exciting questions
cannot be answereduntil a more completeand robust
implementation exists.

A subset of the Nicol suite has been used to test
these algorithms[?, ?, 10,?, ?]. In particular we have
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used a closedstochastic queueing network consisting
of 64 nodesconnectedin a (6-dimensional) hypercube.
Each node hassix inputs and six outputs and provides
non-preemptive service to arriving customers. Each
customer receives a randomly distributed, biased ex-
ponential service time and is then routed to a ran-
domly selectedoutput link. There are (on average)
8 customers at each node. The 64 nodes are evenly
distributed to a set of 8 Transputers, interconnected
in a 3-dimensionalcube.

The values plotted in the graphs which follow, are
obtained by averaging of the results of three runs and
the error bars indicate the 95% con¯dence intervals.
In the all of the graphs which follow, the axis labelled
memory limit indicates the sizeof each per-processor
memory pool. Thus, a memory limit of 150 indicates
that each processorhas a processorpool the size of
which is the sizeof 150 state vectors. This memory is
actually usedfor both state and messagestorage.
5.1 Arti¯cial Rollbac k Results

Figures 4, 5, and 6 indicate the performanceof ar-
ti¯cial rollback in the presenceof di®ering memory
limitations.

Figure 4 shows the anticipated result that, as the
amount of memory is decreased,the executiontime in-
creases.As expected, and veri¯ed by Figures 5 and 6,
the number of states rolled back increases. Presum-
ably the increasein the number of states rolled back
corresponds to the increasein the amount of calcula-
tion performed to complete the simulation and, con-
sequently , to the increasedtotal execution time.
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Figure 4: Arti¯cial rollback|Execution time vs.
memory limit.

Figures 5 and 6 show the di®erencesbetween the
number of states rolled back (due to natural Time
Warp activit y), and the number rolled back as a re-
sult of the arti¯cial rollback algorithm. In the case
of aggressive cancellation (Figure 5), asmemory is re-
duced there is an increasein both the number of nor-



mal states rolled back and the number rolled back by
the arti¯cial rollback algorithm. This is not the case
when lazy cancellation is used(Figure 6). When lazy
cancellation is used, the number of normal rollbacks
is relatively constant with decreasingmemory, while
the number of arti¯cially rolled back states increases
more dramatically than in the aggressive cancellation
case. This is expected with lazy cancellation since
the correct, but arti¯cially rolled back state, doesnot
causesecondary rollbacks. In the aggressive cancel-
lation case, secondary rollbacks do happen and are
counted as part of the normal rollback count.
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Figure 5: Statesrolled back vs. memory limit, aggres-
sive cancellation.

5.2 Prunebac k Results
Figures 7 and 8 illustrate the performance of the

pruneback algorithm on the test case.Figure 7 clearly
indicates, for the range of memory sizes tested, the
memory size can be signi¯cantly constrained while
having very little impact on the overall performance.
Although it would be nice to present results for small
memory sizes,it is not possibleat this time because
of de¯ciencies in of our protot ype software. For ex-
ample, only lazy cancellation can complete execution
with a memory size limited to 100 state vector sizes
(Figure 7).

Figure 8 clearly demonstratesthat a large number
of states had to be pruned in order to complete the
simulation in memory bounded by 110 state vectors.
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Figure 6: States rolled back vs. memory limit, lazy
cancellation.
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Figure 7: Pruneback|Execution time vs. memory
limit.

However, in this casethere was virtually no changein
the number of statesrolled back during the simulation,



despite the discarding (or pruning) of nearly 40000
states out of approximately 60000 states computed.
In this case,virtually all of the states pruned did not
have to be re-generatedto completethe simulation. It
should be pointed out that sincethe states are small,
and we do our own memory management, the cost of
pruning a state is similar to the cost of fossil collecting
that state.
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Figure 8: States rolled back and pruned vs. memory
limit, aggressive cancellation.

5.3 Observ ations
The results plotted in Figures 4 and 7 show, that

as the spaceavailable shrinks to 150state vectors, the
time required for arti¯cial rollback is twice as large
as it is for pruneback with a processormemory size
of only 100 state vectors. The reason for this di®er-
enceis clearly indicated in the number of states rolled
back. It should be noted that a rolled back state is:
(i) erroneousor precededby an erroneousstate and
rolled back (by the normal Time Warp synchroniza-
tion mechanism) to correct the simulation; (ii) erro-
neous and rolled back by (fortuitous) application of
the arti¯cial rollback mechanism; or (iii) correct and
rolled back by the arti¯cial rollback mechanism. In
this latter case,the rolled back state must recreated
eventually in order to complete the simulation. In the
caseof pruneback the pruned states (shown in Fig-
ure 8) do not represent states that must be recalcu-
lated in order that the simulation can complete. Nor

do they represent erroneousstates that must be dis-
carded. The number of states rolled back at a mem-
ory sizelimit of 150 (obtained from from Figures 5, 6,
and 8) are shown in Table 1.

Memory Cancellation States Rolled
Management Back

Technique
arti¯cial rollback aggressive 100K
arti¯cial rollback lazy 95K

pruneback aggressive 4K+37K pruned

Table 1: Total Number of States Rolled Back or
Pruned During Execution with a ProcessorMemory
Pool of 150 State Vectors

A ¯nal observation is that pruneback seeksto man-
age memory in an optimistic manner (i.e. the states
that have beencalculated may be correct and should
not be ignored until the simulation indicates such ac-
tion is warranted), while the rollback basedtechniques
tend to be conservative (i.e. they back up in simula-
tion time at the ¯rst sign of memory problems).

6 Summary
This paper categorizesTime Warp memory man-

agement techniques in terms of the locality of the
memory pool structure used. The trigger of mem-
ory stalls aswell as their targets can alsobe viewed in
terms of their locality. We have placed existing tech-
niques in context.

Two heuristic techniqueshave have beendescribed
for use in a processorpool based,local-trigger, local-
target Time Warp simulation. One of the techniques
is a very minor extensionto arti¯cial rollback and the
secondtechnique, pruneback, is novel to this paper.
Pruneback di®ers from previous techniques in that
it leaves the LVT value for all processesunchanged
while still recovering (some)memory. Neither of these
heuristics are memory optimal. However, no other
technique is known that is memory optimal in a local-
trigger, local-target system.

The pruneback memory management heuristic de-
scribed in this paper can be used to recover memory
spaceduring a Time Warp synchronized parallel sim-
ulation. It is clear from the results presented in the
empirical study that, for this particular benchmark ex-
ecuting on this particular system,pruneback is a very
e®ective memory management technique for parallel
simulation on a distributed memory computer.
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