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Keywords HotSpot, Java, memory, scalability request new objects from the runtime system. In C++ the
programmer is responsible for returning an object once it
is no longer needed. In Java that is not necessary. Its run-

Abstract Discrete-event simulation tools based on tH € S)_/stem is able t(,) determine automatically when an
Java progamming language are finding increasing ughiectis no longer being used by the program, and return
One of the attractions of Java is its automatic garbage Jbfo the memory pool for reuse. As_memory problems are
lection capabilities. While garbage collection technolo e.of the leading causes of bugs in C++ programs, auto-
has markedly improved in recent years, the fact rema tic gff“_bage collection is seen as a boon to programmer
that when a simulation begins to stress the memory S%Qductlwty.
tem, performance degrades. In this paper we develop a
simple analytic model of a Java simulator’s memory sys- In Java all objects are created on the runtime heap. Run-
tem behavior, as a function of problem size. We show tt{iie memory management involves allocation of new ob-
once the problem size causes the number of live object$&ets from the heap; re-organization is triggered when a
exceed 1/2 of the memory space allocated for them, theguest is made that cannot immediately be honored. This
the frequency of garbage collection increases exponé&@rorganization involves compaction of objects that might
tially as the problem size increases. However, the probl&#l be in use, and reclamation of space used by objects
size where this exponential growth is actually noticed m#jat can be determined not to be in use.
be significantly larger, provided that the native execution
costs are large as compared to the cost of executing the thene of the characteristics of discrete-event simulations
garbage collector. Our model predicts that Java based sihat significantly affects performance is that simulations
ulators will have performance that scales in problem sizgpically exhibit little locality of reference. Virtual mem-
up to a point where memory crisis suddenly degrades thg does not buy much for a simulator—once the model
performance dramatically. We show that this prediction $sate no longer fits in memory, the virtual memory system
borne out in practice. begins to thrash. The implication for Java-based simula-
tors is that the heap should be sized so that it can reside en-
tirely within the computer’s physical memory, to forestall
paging out to disk. This in turn means that the physical
1 INTRODUCTION memory size constrains the size of the model that can be
effectively simulated. Obviously, when the memory needs
of the simulation approach the limits of available memory,
Discrete-event simulation tools based on the Java progdhe demands on the garbage collection system will be in-
ming language are finding increasing use. Current exaeneased. This paper considers the questidmof large a
ples include[17, 10, 6, 9, 3, 8, 5, 4, 1, 2, 7, 14]. Discretarodelcan be simulated before these demands dominate,
event simulation is just one application where Java is kd how quickly performance degrades a function of
ing used in ways that once only C++ was used. Whiteodel size because of garbage collection.
similar in many ways, Java is distinctly different from

C++ in that it provides built-in support for garbage col- we answer these questions using a simple analytic
lection. Both languages allow a program to dynamically



model that describes the behavior of the HotSpot garbad@med are packed into the empty Survivor segment, and
collector[11] as a function of problem size. We developacopy-counter is incremented on each. However if an ob-
formula for the simulation’s execution time per unit modééct has already been copiédr — 1 times, it is copied
that expresses the sum of the native execution costsiastead to thdenuredsegment.

sociated with the object throughout its lifetime, the sum

of an object’s copying costs during “minor reclamation”, The Tenuredsegment is organized likEden a pointer
and the average per object cost of a mark-and-compgékmarcates a region with allocated objects, and a region
garbage collection action[12], times the average numk@thout. An object of sizex bytes is copied beginning

of times an object survives that collection. We see that the first address of the unallocated region, after which
the average number of times an object survives a magife pointer is incremented by. A Major Reclamation
and-compact step is insignificant at small model Si2¢§,triggered when an object is to be copied iffenured

but grows exponentially (in problem size) once the spaggt there is not enough space for it. A major reclamation
needed by live objects exceeds 1/2 of the memory alighplements a full mark-and-compact analysis of the en-
cated for them. Our model predicts that a Java-based syt heap. That is, the tree of live objects is traversed, all

ulator’s performance will scale with problem size until thesachable objects are marked and compacted into a con-
cost of garbage collection (per unit simulation time) is @fguous region infenured

the same magnitude as the native problem execution time
(per unit simulation), after which garbage collection costs
dominate overall performance.

3 ANALYTIC MODEL

2 HOTSPOT GARBAGE COL- We now develop a simple analytic model of the costs of

LECTION executing a Java-based simulation. We are interested in
the simulator’s behavior over a family of increasing large
models. We abstract this notion by assuming that the sim-

We model the actions of the Sun HotSpot garbagtion problem size can be parameterized by real-valued
collector[11], found in JDK 1.3 and 1.4. This algorithnyaluen. For example, the system we later study is com-
exploits the observation that many objects are short-livefised ofn concurrent TCP sessions that pass through a
and can qu|Ck|y be identified as rec|aimab|e' e.g., |§hared link in the Internet. In this model the bandwidth
cal variables that go out of scope after a procedure c&i the shared link increases in proportion to the number
Such objects are reclaimed in a low-cost “Minor Recl& TCP sessions, and as a result the simulation workload
mation” collection. A more traditional (and computalcreases linearly witm. We denote the rate (in simu-
tionally expensive) full mark-and-compact “Full Comlation time) at which new objects are createda¢n).
paction” phase[12] is invoked only when absolutely ne¥Ve assume that an object is either short-lived (with life-

of short-lived objects is, the fraction of long-lived ob-

jects isas; = 1 — ay; the average object lifetime is thus
S‘L(wg = asLs + azL;. A short-lived object requires
ajy average ofn, bytes, a long-lived object requires an

a contiguous block of memory allocated to recently rgVerage ofrmy byt(%s. The average object Siz€ 1S thus
quested objects, and a contiguous block of free memomg“.’g = asms + agmu. The averagepace-time prod-

A pointer demarks the division. A new object of sige UCt!S Savg = sl + damiLy.

bytes is given am-byte block beginning at the pointer;

and the pointer is advanced by A minor reclamationis ~ We lety denote the average execution time per live byte

triggered when an object is requested that cannot be sd#F- unit simulation time. We assume this cost is indepen-
fied in Eden. dent of the size of the model.

The heap is partitioned into three sections naiBeen
Survivor, andTenured Every request for a new object i
satisfied from Eden, whose state is always comprised

The Survivorarea is partitioned into two equal sized BY Little’s Law[13], the average number of bytes that
segments, to implement double buffering, one is emp@fe live at any instant in a simulation of problem sizes
When a minor reclamation is triggered, the scavenge rules
are applied to objects in Eden, and objects in the non-  L(n) = Ao(n) - (asmsLs + asmLy)
empty Survivor segment. Most objects that are not re- = Ao(n)Saug-



Consequently the average execution time per unit simufgrbage collectors are tuned to avoid the latter occurence,
tion time for a problem of size is L(n)y. and so we will not model that effect. After a full garbage
collection step,Tenuredwill contain all the objects that

Now consider the memory system. We suppose that &€ alive at the instant of collection. Little’s Law tells us
cost per byte of copying an object during a minor reclamthat the average number of short-lived objects alive at any
tion is 3,,,. We account for the cost of minor reclamation@stantisasAo(n) L, and that the average number of long-
by considering how many times an object is copied, on dixed objects at any instant i$;\,(n)L;. It follows that
erage. We assume that long-lived objects always live lofi¢ average amount denuredmemory occupied by live
enough to be tenured, so that the total cost of minor recfiiects after a major reclamation (what we will call the
mations on a long-lived object i,,m; K. A short-lived Problem’skerne) is
object may be copied fewer thdt; times however. ~

k(n) = Ao(n) (O‘sLsms + OZsLlTrLl)

A minor reclamation is triggered oncédenis ex- = Ao(1)Savg-
hausted. If we denote by; the object size of the'"
new object since the last minor reclamation, andNebe
the (random) number of objects needed to exh&den
then

This leavesM — k(n) bytes available to receive tenured
objects, before another major reclamation is triggered.

N-1 N Let Ar(n) denote the average rate at which objects are
Z Xi < Mg < ZXi- copied intoTenuredwhile running a problem of size.
i=1 i=1 When \,(n) < X; all short-lived objects are reclaimed
N is what is known as a “stopping time” [16], whichduring minor reclamation. Wheh,(n) > A; the short-
implies that E[Zf’:l X;] = E[N]E[X;]. Applied lived objects become tenured also. In summary then
to the inequality above, this tells us th#[N] =
Mg /mayg. Then, since new objects are created at rate Ar(n) = { Asho(n)  for X,(n) < X\
Ao(n) it follows that the average number of simulation Ao(n)  forAe(n) = A
time units between minor reclamations is (approximately)
MEg/(maugro(n)). It follows that the number of minor
reclamations that occur in a short-lived object's lifetime We again use stopping time arguments to estimate how

is \o(n) Lsmavny /Mg when this expression is less tha®ften a full reclamation is triggered. The amount of free
K7, and isKr otherwise. space infenuredafter a full reclamation is a random vari-

able, sayF, with E[F] = M7 — k(n). Thei'" object

We can approximate the average rate of copying co Qur;edbhas (randprg) siiﬁ-. I}CVN s t:e smr?llest num-
due to minor reclamation by associating with an obje pr of objects copied so't b, Xi > F.thenNis a

the average cost we expect it to incur, at the point of ﬁysopping time and
creation. This gives rise to a minor reclamation cost rate N
rate E[F)=Mr —k(n) > E[)_X|]
i=1
Cm(n) = BmAo(n) (asms x 1) = E[N)E[X]
Ao(n)Ls - Mgy _
min{%7 Kr}+ asleT).

E from which we estimate that
From this we see that the copying cost of a short-lived M —k(n)
object grows in the square of the object creation rate, until  pnj~ ! 7y for Ao(n) < As
Ao(n) reaches a threshold %5”) for Ao(n) > A¢

A = KrMpg The average amount of simulation time between succes-
Lsmaug sive full reclamations is approximate®[N]/A(n). We

model the cost of a full reclamation as being proportional
to the number of live bytes, which gives rise to an average
cost of 3;k(n), for some per-byte cogt;. The cost rate

) ] per unit simulation time of full reclamation is thus
Next we turn to major reclamations. A full garbage

collection is triggered either whefenuredis exhausted, Brk(n)
or when a minor reclamation fills a survivor buffer. Java’ (n) = E[N]/A(n) @

after which short-lived objects are copied oty times
and are then tenured.



Ao(n) ( Brasmy M:g;)(n) Ao(n) < A depends on application characteristics, as we will see.
Ao(n) ﬂfmaug% Ao(n) >N, It is instructive to consider how changes in the simula-
’ tion model affects these costs. It is notationally clear that

increases in problem size increaB¢n). Intuition tells

. . us that increasing the average object size will increase the
.Ou.r mOdel e)fpla'ns that the overall execution cost P§Emand on memory. Perhaps more subtle are changes that
gnlt 5|m:Iat|on t'mf. IS thezsurtﬁ(*j(ng - Vﬁ(nH?’ﬁ(nH i increase object lifetime. For example, in a network simu-
fo); (g)' r%?i?k??saégnfe(ss)e%nin(F? Vl:?e fve atulequatioliion lifetimes of packet objects increase with the latency
(), P g ‘ on links. Recall thak(n) = A,(n)Sqw,; iNCreasing ob-

. ] ] ject lifetime increases object space-time product, and so
We can interpret this last expression 10(n) as the jncreased:(n)

object creation rate times the sum of average per-object

COSt.S of execution, minor reclamation, ar!d major reCIa'Given the threat of exponential growth in garbage col-
mation. Because the units of are execution time per, . o
lection costs, it is important to understand how much of

byte per unit simulation .timey time; the average ObjeCtthe memory can be occupied by the kernel objects be-
space-time produdi,., gives the object’s execution COStfore this growth begins to dominate the overall execution

The units off,, are execguon time per tfyte, 8h, imes costs. To get some insight into this, we suppose that minor
the average number of times an object’s bytes are COD%?

. . . N - _rréclamation costs are insignificant relative to other costs.
gives the minor reclamation cost. Likewise, the units

o : enote the ratio of an object’'s native execution cost to
By are execution time per byte, so the productptimes . L

) N . the cost associated with it on one pass through the mark-
the average tenured object size times the number of times

NN . . _and-compact algorithm byB, e.g., for the case when
a tenured object is ifenuredwhen a major reclamation P 9 ¥, eg

. . . Ao(n) > Ay let B = vSque/(Brmavg). Then suppose
occurs gives the average per-object reclamation cost. that a given user believes that garbage collection costs

are excessive when they aré percent of overall run-
The interesting term in Equation (3) i8'(n) = ning time or larger, i.e. that;mau, F(n) = X (¥Saus +
k(n)/_(MT fk(_n)), which is the average number of timegfmang(n)); equivalently, that’(n) = BX/(1 — X).
an object survives the full reclamation phag&n) grows e ask how large the kernel is at this balance point. Writ-
very rapidly whenk(n) approaches valug/r. To s€e ing (n) = oMy, the solution fora in the equation
this, letn; be the problem size at whidi(n,) = My /2, F(n) = BX/(1 — X)isa = BX/(1 + (B — 1)X).
ny be the problem size at whidh{n) = k(n1) + (Mr —  For example then if an object’s native execution costs are
k(n1))/2, and in generaly; be the problem size at whichq times larger than the cost attributed to it in one appli-
k(ni) = k(ni—1)+(Mr—k(ni-1))/2,1.e.k(n;) is 1arger cation of the mark-and-compact algorithm, and a user’s
thank(n; ) by 1/2 of theTenuredregion unoccupied by tglerance for garbage collection overhead limits it to be
the kernel for problem size;_,. Working through the 2094 of the overall cost, theW B = 20 x .2 = 4, mak-

math we get ing @ = 4/4.8 = 0.83. In this case we see that (just

k(nis1) as intuition suggests) significar_1t native workload offsets
F(niy1) = M — k) garbage collection costs, allowing 83% Ténuredto be

T (ni41) filled with live objects and still maintain a relatively low
— k(ni) + (Mr — k(n:))/2 garbage collection overhead. However, let the problem

Mr — (k(n;) + (Mt — k(n;))/2) size grow so that 96% of the memory holds live objects,
B Mt k(n;) and the garbage collection costs grow by at least a fac-

My —k(ng) My —k(n;) tor of 4, and the overall execution time doubles. After
> 2F(ny), this point very small changes in problem size exacerbate

garbage collection markedly. This analysis suggests then
the inequality following from the observation that; > that when there is a significant amount of intrinsic com-
k(n). Thus we see that by increasing the kernel by onbutational work per object, that garbage collection costs
1/2 of what is possible, then the average number of ndp not dominate until th&enuredarea is nearly full, at
jor reclamations an object undergoes more than doublkich point they overwhelm performance.
Once the live objects occupy more than 1/2Tehured
the frequency of major garbage collection begins to in-
crease exponentially. This tells us to expect exponential
growth in the major reclamation costs. However, the onset
of the problem size where this growth is actually noticed
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n =
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Figure 1: Full equation fo€(n)

4 EMPIRICAL VALIDATION 0o

0.016

Heap Size 375Mb ———

We confirm the qualitative model predictions by ex- 5 °®*[

amining the performance of thé&SSFNet network
simulator[17]. The model we study is a classic one, of & oo | |
concurrent TCP sessions that share a link; the perforo 0008 | Y
mance of various simulators on this model was analyzeds o
in [15]. On one side of the link are TCP clients, on the = 00%6 I,
other side are servers. Each client opens a TCP connectiod oo |
with its own server, which then transfers a long file. We | = |
increase problem size and workload by simultaneously in- 0 2000 4000 6000 8000 10000 12000
creasing the number of TCP sessions, and the bandwidth Number of Connections
of the shared link. We point out in [15], it is necessary
to increase the bandwidth if we are to increase the exe{(%gtJ
r

ion Per sim-sec

0.012

onn

) . ) jure 2: Performance of SSFNet as the Problem Size
tion workload of the model by increasing the number

. ows
concurrent TCP sessions.

Figure 2) plots the average execution time per unfestion affirmatively, with the caveat that as the problem
model size (connection) per simulation second of ¢ reaches a critical region its contribution to overall ex-
SSFNetsimulator[17]. Two curves are shown, one Whegetion time increases very rapidly, ultimately dominating
the heap size is 375Mb, the other when it is twice 83 formance. These results confirm the utility of Java as
large. Both exhibit the exponential explosion our modgly,q| for discrete-event simulation, but warn that users
explains. The slight growth in normalized execution tiMgseq to understand the memory needs of their simulators
on smaller problem sizes might be explained by factafiy pe sure that the platforms on which they run their sim-

such as priority queue event lists, whose costs iNcrea$&ions can meet the application’s memory demands.
logarithmically in problem size. We have not yet instru-

mented this code to determine (for example) the compara-
tive costs of native execution and garbage collection. Nev-
ertheless this figure (and others like it) give us confidence

that our modegéxplainsJava garbage collection costs We"ACKNOWLEDG EMENTS
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