C a

c h e

Per

f or ma

nce ofF as

t - A llo catin

g ProgramsM a

r c e l o J

. R. Go

n

� calves and

Andre

w

W. AppelPr ince

ton

University

Depart ment of

Comp

uter

Science

fm jr

g ,appelg

@cs.princeton.edu

Princeton CS- TR- 4

8 2- 94

Decem ber 21, 1994A b s t r a ct W e

s

t u d y the

c

acheper

f or ma

nce of a set ofM

L programs

,

comp i led by theStandard ML ofNe

w

Jersey compiler. We�nd that more than half of the reads are for objects that

have just been allocated. We also consider the e�ects of

varying software(garbage collection frequency

) and hard-

ware (cache) parameters.Con�rming results of related ex-

periments, we found that ML programs can have good cache

performance when there is no penalty for allocation.Even

on caches that have an allocation penalty, we found that ML

programs can have lower miss ratios than the C andFortran

SPEC

9

2 benchmarks.

Topics :

4 benchmarks, performance analysis; 21 hard-

ware design, measurements; 17 garbage collection, storage

allocation; 46 runtime systems.1

I

ntr o

d uct ion With the gap between CPU and memory speed widening,

good cache performance is increasingly important for pro-

grams to take full advantage of the speed of current micro-

processors. Most recent microprocessors come with a small

on-chip cache, and many machines add a large second level

o�-chip cache to that.It is therefore important to under-

stand the memory behavior of programs, so that computer

architects can design cache organizations that can exploit

the locality of reference of these programs, or programmers

can modify the programs to take advantage of cache prop-

erties, or both. This work studies the cache performance

of programs with intensive heap allocation and generational

garbage collection, such as ML programs compiled by theS t a n da rdM

L

o

f N e w Jer

se

y (SML

/NJ) compiler[4

]. Dynamic heap allocation is used in the implementation

of many programming languages, but the SML/NJ imple-

mentation is characterized by a much higher allocation rate

than most other implementations: a typical program allo-

cates one word for every six machine instructions. SML/NJ

allocates so frequently because it allocates function activa-

tion records (closures) on the heap, instead of using a stack

as do most language implementations[2]. In order to make

heap allocation e�cient it is essential that both allocation

and deallocation be very fast[1]. E�cient allocation can be achieved by allocating sequentially from a large contiguous

memory area, the al location space. We only need to keep two

pointers, one to the next free address, the al location pointer,

and one to the last usable address, the limit pointer.Before

the allocation of a new ob ject, if the allocation pointer plus

the size of the ob ject is greater than the limit pointer, a

garbage collection must be performed to reclaim the space

of ob jects that are no longer needed.Otherwise, the ob ject

is allocated and the allocation pointer incremented by the

size of the ob ject. E�cient deallocation can be achieved with

the use of a generational garbage collector. Early versions of

SML/NJ used a simple two-generational garbage collector.

Future releases will use a multi-generational collector, which

we have measured in this work.

It might seem that allocating closures sequentially on

the heap would be terrible for cache performance.After

all, stacks provide a simple and e�ective way of recycling

memory, and have very good spatial locality. With sequen-

tial heap allocation, on the other hand, the �rst allocation

in each cache block can be a cache miss (al location miss),

which could result in bad cache performance.

We have comprehensively studied the cache performance

of a set of ML programs. We consider the e�ects of varying

both software and hardware (cache) parameters. Our main

contributions are the following:�

We examine in detail the memory reference patterns of

a set of ML programs. We �nd that more than half of

the read references are to ob jects (typically closures)

that have just been allocated. This means that heap

allocated closures can have good locality; on suitable

cache architectures, stack allocation should not be pre-

ferred over heap allocationj ust for reasons of locality.

Diwan et al. [10] suggest that ML programs tend to

read ob jects soon after they have been written, based

on indirect evidence from cache behavior on di�erent

architectures, and we have con�rmed this by direct

experiment.

�Varying minor garbage collection frequency (i.e., chang-

ing the size of allocation space) may have an impact on

cache performance. In the case of caches without an

allocation miss penalty, the impact is very small and

is largely o�set by changes in garbage collection over-

head. On caches with a penalty for allocation misses,

however, making the allocation space �t in the cache

can result in a signi�cant improvement in performance.

We show quantitatively for what cache sizes and miss

p e n a l t ie s �ttin g t he all o cation space in the cache i m -

p ro ves per formance .

� We report a comprehensive set of miss ratios , for var y-

ing cache si zes, bloc k sizes, associativity, an d write

miss policies. We �nd that M L programs can have a

very good cache performance on some architect ures,

comparable to or even better than that of the C and

Fortran S P EC 9 2 benchmarks. We also found that al-

location misses depend mostly on block size, and if

blocks are not too small (at least 32 bytes ), even on

architectures that do not eliminate allocation misses,

ML programs can have much lower miss ratios than

the C and Fortran programs.

� On the DEC3 000 Alpha workstation, we �nd that �t-

ting the allocation space in the secondary cache can

result in signi�cant performance improvement, even

though the machine has a deep write bu �er that should

eliminate penalties for allocation misses. The ine�ec-

tiveness of the write bu�er is related to the fact that

so many reads are to recently allocated ob jects : some

of those reads cause the write bu�er to be ushed pre-

maturely.

� The fre quency of ma jor collections and the number

of active generations can have a signi�cant impact on

cache performance. We found that a large number of

active generations can increase the number of con ict

misses.

The problem of the cache performance of programs with

sequential allocation has been addressed previously. Peng

and Sohi [ 1 8 ] studied the cache performance of a set of Lisp

programs. They show that conventional cache memories

were inadequate for these programs and proposed the use of

an a l l o ca t e instruction to eliminate allocation misses. They

also show that the L R U replacement policy commonly used

in associative caches is bad for this class of programs and

proposed an alternative replacement policy. Finally they

proposed the use of a control bit to avoid writing back cache

blocks �lled with garbage. Wilson et al.[2 6] and Zorn[2 7,

28] proposed �tting the allocation space in the cache as

an alternative, software-based method for eliminating al-

location misses on large caches. Wilson et al. also show

that modestly set-associative caches can achieve a signi�-

cant performance improvement over direct mapped caches.

In essence, the main conclusion of these papers is that pro-

grams with dynamic heap allocation tend to have bad cache

performance |and either hardware techniques, or software

techniques, or a combination of both, must be used in order

to improve cache performance.

More recent work, by Diwan et al. [10] and Reinhold

[20, 21] has shown that some cache design features, already

available on current machines, can eliminate all of the al-

location misses. Moreover, Reinhold shows that sequential

allocation, due to the fact that it tends to spread memory

references uniformly across memory, is naturally suited to

direct-mapped caches.

Following Jouppi [17] we classify cache architectures as

follows. A fetc h -o n- w r ite cache is one that allocates a block

and fetches the contents of the block from memory on a write

miss. A write- vali date cache allocates a block, but does not

fetch the contents from memory on a write miss (and thus,

must mark each word of every cache line as valid or invalid).

And a write-aro und cache bypasses the cache entirely on a

write miss.

2 T h e S M L / N J R u n t i me S y stem

The SML / NJ runtime system uses a generational garbage

collector. The two-generation collector used up to version

0.93 proved inadequate on long-running programs, so John

Reppy has implemented a multi-generation collector[22]. Our

measurements reported here are of an early prototype of

Reppy ’s collector, which will be distributed with future ver-

sions of SML/NJ.

The heap is divided into an al location s pace and from

one to seven generations. The generations are named from

one to seven, and each higher numbered generation contains

ob jects that are older (i.e., have been allocated at an earlier

time) than the ob jects in the previous generations. In ad-

dition, within each generation, ob jects are divided into two

age groups.

Most ob jects (closures and user data structures) are al-

located in the allocation space. The only e xception is that

large ob jects (more than 512 words) are allocated in the

�rst generation. Each generation (but not the allocation

space) is divided into �ve arenas, one for each class of ob-

jects: records , pairs, arra ys, strings, and code. All ob jects

are preceded by a one-word descriptor (tag), except pairs

copied into the �rst or older generations. Removing the tag

from pairs not only saves space, but should improve cache

performance, since more pairs can �t into a single block, and

pairs can be aligned to block boundaries.

There are two types of garbage collections, minor and

ma jor. Minor collections are very frequent but brief, and

copy live ob jects from the allocation space to the �rst gener-

ations. Ma jor collections are longer, but much less frequent,

and collect from the older generations. A kth-generation

ma jor collection promotes the older ob jects of each genera-

tion i into generation i + 1, for 1 � i � k ; a �xed number of

kth-generation collections occur for each (k+1) t h-generation

collection.

The early prototype we measured lacks certain features

of the collector Reppy describes [22], particularly the use of

a mark-and-sweep collector for machine code and other large

ob jects. This change is likely to decrease ma jor garbage col-

lection overhead (from the amount we measured) on some

of the benchmark programs, particularly when a small allo-

cation space is used.

3 Meth o do lo gy

We used a benchmark suite of ten ML programs, which

were compiled and run in SML/NJ, version 0.93, with the

new runtime system and generational collector. We com-

piled each program with the default parameters of the com-

piler, and saved a heap image of the system. We then

used a MIPS instruction-level simulator, written by E. G �un

Sirer, to simulate execution of the entire SML/NJ system|

including the runtime system, which loads the heap image

and executes the programs. We have extended the MIPS

simulator with a cache simulator, so that cache misses are

determined on the y, with no need to generate reference

traces. Our simulation results do not include operating sys-

tem data.

We also ran some experiments on an DEC3000 Alpha

workstation. For these experiments we used SML/NJ ver-

sion 1.05a, since version 0.93 was not ported to the Alpha ar-

chitecture. The main di�erence in version 1.05 from version

0.93 is the use of more e �cient closure representations[23 ],

T a b l e 1 : Ge ne ral in f or ma tion abo ut t he ben chmar k pro gram s .

Program Description

Barnes - Hut The Barnes-Hut N-bo d y simulation program [ 7 , 6 ], translated into M L by John H. Reppy.

Boyer An ML implementation of the Boyer benchmark [1 3].

Knuth-Bendi x An implementation by Gerard Huet of the Knuth-Bendix completion algorithm translated into ML by

Xa vier Leroy.

Lexgen A lexical-analy zer generator, written by James S. Mattson and David R. Tarditi[ 5], processing the

lexical description of Standard ML.

Life Reade ’s implementation of the game of Life [1 9].

Mandelbrot A program to generate Mandelbrot sets.

ML YA CC A LALR (1 ) parser generator, written by David Tarditi [ 25], processing the grammar of Standard ML.

Ray A ray tracer, written by Don Mitchell, and translated into ML by John H. Reppy.

Simple A spherical uid-dynamics program [ 8, 12], translated into ML by Lal George.

VL I W A VLIW instruction scheduler written by John Danskin.

Table 2: Total, user, garbage collection, and system times

in seconds for the benchmark programs, measured on a

D EC5 000 /2 40 workstation, with an allocation space of 512K

bytes.

Program Time (sec.)

Total User GC Sys.

Barnes-Hut 26.41 24.96 1.46 0.42

Boyer 2.14 1.32 0.82 0.18

Knuth-Bendix 12.49 9.25 3.24 0.70

Lexgen 10.87 9.97 0.89 0.25

Life 11.66 11.50 0.16 0.05

Mandelbrot 11.15 11.12 0.04 0.04

MLYacc 4.50 3.52 0.98 0.33

Ray 22.34 22.21 0.12 0.71

Simple 37.69 29.14 8.55 1.39

VLIW 21.17 20.43 0.75 0.41

which reduces the amount of closure allocation. Version

1.05a also uses the newest version of the multigenerational

collector, which uses a mark-and-sweep collector for large

ob jects.

The benchmark programs are described in Table 1. Some

or all of these programs have been used as benchmark pro-

grams in other works on the performance of SML/NJ pro-

grams [2, 23, 10, 24]. Each of these programs is run in its

entirety by the simulator. Four of the programs |Barnes-

Hut, Mandelbrot, Ray, and Simple|use oating-point in-

tensively ; the other six use only integer instructions.

Table 2 shows the run time of the programs, measured on

a DECstation 5000/240, and time breakdowns by user code,

garbage collection (GC) time, and system time. We ran each

program a number of times, and took the run with minimum

total time (as recommended by the SPEC consortium [14]).

Table 3 shows instruction counts and number of reads and

writes for user and garbage collection code. Garbage collec-

tion time and instruction counts can vary considerably if the

size of the allocation space is changed. User times can also

vary, as the size of the allocation space may have an impact

on cache performance. User code instruction counts are not

a �ected by the size of the allocation space. The data shown

in these tables are for a 512-Kbyte allocation space.

Table 3: Instruction counts, reads and writes for user code

and garbage collection. Garbage collection counts are for an

allocation space of 512K bytes. All numbers are in millions.

P r o gr a m U s er G C

i ns tr . rea ds writes instr. reads writes

Barnes - H ut 6 1 7. 5 17 9. 8 1 25.5 39.7 6.1 4.7

Bo yer 42.9 9.5 9. 0 27.1 5.0 3.7

Knut h-Bend. 281.0 57.2 67.0 73.8 14.2 10.2

Le xgen 296.0 55.4 38.2 25.6 4.7 3.3

Li fe 422.9 50.0 38.3 4.9 0.9 0.6

Mande l brot 367.6 82.7 53.1 1.2 0.2 0.1

ML Y ACC 97.8 21.3 18.7 32.1 5.8 4.3

Ray 679.2 192.4 141.3 2.7 0.5 0.3

Sim ple 764.3 174.3 130.3 232.0 38.0 27.5

VL I W 427.2 82.1 73.1 19.7 3.3 2.2

Total 3664.6 877.0 694.4 458.8 78.7 56.9

P e r f or m a n ce Mo de l

We use a simple model to predict the performance of the

programs under di�erent cache organizations. We assume

that the machine can issue one instruction per cycle, with

no pipeline stalls, except for memory accesses. Loads or

stores that hit the cache take one cycle, and cache misses

take a �xed number of cycles. We allow for di�erent read

and write miss penalties. We assume that a cache miss stalls

the instruction pipeline. The total number of cycles of a

program is given by:

T o t a l C y cl e s = I C + I M i ss � R p e n a l t y +

RMiss � R p e n a l t y + WMiss � Wpenalty

where I C is the instruction count, IMiss the number of

instruction fetch cache misses, RMiss the number of read

misses, WMiss the number of write misses, Rpenalty the

penalty for read misses in cycles, and Wpenalty the penalty

for write misses in cycles.

Table 4 compares the run time of each program, mea-

sured on a DEC5000/240 workstation, with the time pre-

dicted by the model. Most of the error probably comes

from the assumption that each instruction takes one cycle.

The program with highest relative error, VLIW, executes

many integer division operations, which take several cycles

to complete. Barnes-Hut, Mandelbrot and Simple execute

many oating point instructions, which may take many cy-

cles to complete.

Ta b l e 4

: Mea s u re d t i me o n aD

E Cstation 5

000 /

240 com

- pared to the time predicted by the simple machine model.All times are in seconds. The size of the allocation space is

512

K bytes. Thevalue on the column labeledD i � e ren ce isgiven by((

M e a s u red t i me =

P redicted time)

� 1)� 100: Program

Measured

Predicted

Di�erence time time Barnes-

Hut 26.41

21.54 23

% Boyer

2.14

2.17 -1% Knuth-Bendi x 12.49

10.63

17% Lexgen

10.87

10.65 2% Life

11.66

11.35 3% Mandelbrot

11.15

9.33 20% MLYacc

4.50

4.18

8% Ray

22.34

22.72

-2% Simple

37.69

32.76

15% VL

I

W 21.17

15.72 35% Table 5: Total allocation (inwords), allocation rate (to-

tal allocation divided by number of user instructions), and

distribution of allocation and non-allocation writes for the

benchmark programs.

Program

Allocation

Allocation Fraction of writes rate alloc. writes

Barnes-Hut

124,368,910

0.201

99.07%

Boyer

8,802,524

0.205

98.25%

Knuth-Bendix

66,837,173

0.238

99.74%

Lexgen

33,024,196

0.112

86.52%

Life

38,104,645

0.090

99.59%

Mandelbrot

48,712,383

0.133

91.81%

MLYACC

17,611,127

0.180

94.22%

Simple

129,215,509

0.169

99.18% Ray 139,506,521

0.205

98.72%

VLIW

67,076,362

0.157

91.75%

Average

0.169

95.885%

Because we are interested in the performance of the pro-

grams with di�erent settings for garbage collection parame-

ters, which may a�ect the instruction count of the programs,

we also use a performance metric that takes this change into

account. This metric is the number of cycles per user pro-

gram instruction, C

P U I. The number of user program in-

structions is the total number of instructions minus garbage

collection instructions. That is, we charge garbage collection

and cache miss cycles to user program instructions. CPUI

provides a simple way of evaluating the total cost of cache

and garbage collection overhead. We de�ne CPUI as:C PU

I = TotalCycles

number of user instructions4

M e m o r y Re fere n ce P a ttern s 4.

1 Write References

We can divide writes into two groups: allocation writes

and non-allocation writes. Most writes from all programs

are for allocation. Table 5 shows the number of allocated

words for each program, the allocation rate, and the frac-

tion of all writes that are for allocation (these numbers do Table 6: Allocation pro�le for closures and user data.

Program

Closures

User data

Fraction of

Avg.

Fraction of

Avg.

allocation size allocation size

Barnes-Hut

38.12%

8.65

61.88%

3.24

Boyer

73.38%

7.01

26.62%

3.30

Knuth-Bendix

86.59%

5.36

13.41%

3.07

Lexgen

54.75%

7.94

45.25%

3.98

Life

43.23%

6.03

56.77%

3.97

Mandelbrot

60.30%

6.70

39.70%

3.02

MLYACC

60.09%

9.15

39.91%

3.76 Ray 30.07%

5.71

69.93%

3.79

Simple

51.67%

6.03

48.33%

3.24

VLIW

64.36%

6.97

35.64%

3.32

Average

56.26%

6.96

43.74%

3.47 not include garbage collection writes). The allocation rate

is the number of words allocated divided by the number

of user instructions. All programs allocate at a very fast

rate, about one word for each six user program instructions.On average for the 10 programs, approximately 96% of all

writes are allocation writes. User-code non-allocation writes

update user data structures; but most non-allocation writes

are performed by runtime system.

Allocation writes are sequential, and there is a cyclic

pattern with a period that is equal to the size of the alloca-

tion space. Figure 1 shows this cyclic pattern for the pro-

gram Lexgen, with an allocation space of 512K bytes. The

graph plots the address written, modulo 512K, versus time,

where time is measured in words written. The plot shows

the write patterns of Lexgen from time 2000K to 5000K. We

can see clearly each allocation cycle, followed by a vertical

line, which is a minor garbage collection. One of the minor

collections, near time 2500K, is followed by a major collec-

tion, which appears as the unusual pattern in the graph. The

horizontal lines are non-allocation writes. For this program,

most non-allocation writes are concentrated on a few loca-

tions that are updated more or less uniformly throughout

the program execution. The di�erence in the density of the

lines means that some locations are written more frequently

than others. We can see that one of the horizontal lines (the

second from top) seems to move down after the ma jor col-

lection. This is probably because the collector relocates the

ob ject that is being updated. As the numbers in Table 5

show, Lexgen is the program with the most non-allocation

writes. The horizontal lines that appear in Figure 1 do not

appear on the patterns for other programs.

Ob jects allocated by each program can be divided into

two groups: closures and user data structures. Table 6 shows

the distribution of allocation by closures and user data struc-

tures, and the average sizes of ob jects in each group. Clo-

sures account for the greatest fraction of all words allocated,

56% on average for the benchmark programs. They are also

larger, approximately seven words on average. User data, on

the other hand, are much smaller in size, about 3.5 words on

average. Most ob jects tend to have a very short life. Only

a small fraction of ob jects survive a garbage collection, and

most surviving ob jects are user data structures[15, 24]. All

ob jects are preceded by a one-word tag, which is included in

the size of the ob jects. In most cases, tags are only used by

the garbage collector, and since most ob jects do not survive 4

0

128

256

384

512

2000 2500 3000 3500 4000 4500 5000

Address written mod 512K bytes

Time (in K writes)

1 4 16 64 256 1K 8K 64K 1M 16M 256M Distance from alloc pointer in words 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Fraction of reads within distance barnes-hut boyer knuth-bendix lexgen life mandelbrot mlyacc ray simple vliw

4 8 16 32 64 128 256 512 1024 2048 4096 Cache size (in Kbytes)

0.00

0.10

0.20

Read miss ratio read, 16 bytes read, 32 bytes read, 64 bytes read, 128 bytes read, 256 bytes write, 16 bytes write, 32 bytes write, 64 bytes write, 128 bytes write, 256 bytes

4 8 16 32 64 128 256 512 1024 2048 4096 Cache size (in Kbytes)

0.00

0.10

0.20

Overall miss ratio

16 bytes block 32 bytes block 64 bytes block 128 bytes block 256 bytes block ML SPEC92

4 8 16 32 64 128 256 512 1024 2048 4096 Cache size (in Kbytes)

0.00

0.05

0.10

Read miss ratio dir. mapped 2-way assoc. 4-way assoc. 8-way assoc. 16-way assoc. reads writes

4 8 16 32 64 128 256 512 1024 2048 4096

Cache size (in Kbytes)

0.00

0.05

0.10

0.15

Miss ratio

Write-validate read misses Fetch-on-write read misses Fetch-on-write read+write misses Write-around read misses

32641282565121M2M4M8MInf Allocation space (in Kbytes)

0.000.501.00

CPUI

CPUI Minor GC Major GC I miss D miss

32 64 128 256 512 1M 2M 4M 8M Inf Allocation space (in Kbytes)

0.00

0.50

1.00

1.50

CPUI

CPUI Minor GC Major GC I miss D miss

16 32 64 128 256 512 1024 2048 4096 Cache size (in Kbytes) 1

10

100

Penalty barnes-hut boyer knuth-bendix lexgen life mandelbrot mlyacc ray simple vliw

16 32 64 128 256 512 1024 2048 4096 Cache size (in Kbytes) 1

10

100

Penalty barnes-hut boyer knuth-bendix lexgen life mandelbrot mlyacc ray simple vliw