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Virtual machines for today’s object-oriented programming languages face significant performance
c
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2. DESIGN REQUIREMENTS
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3. ARCHITECTURE
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5. IMPLEMENTATION

5.1 Jikes RVM

1Jikes RVM was originally developed by researchers at IBM’s T.J. Watson Research Center
and called Jalapefio. In October 2001 the system was released as an open source project
and has attracted a large user base among researchers and educators. This section highlights
the characteristics of Jikes RVM that are most relevant to this work. A more comprehen-
sive description of the system is given in [Alpern et al. 2000]. Publications, presentations,
tutorials, teaching resources, and other information can be found at the Jikes RVM web site
www.ibm.com/developerworks/oss/jikesrvm.
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Level 0

Level 1

without

Level 2

2A trivial method is one whose body is estimated to take less code space than 2 times the size of
a calling sequence and that can be inlined without an explicit guard.
3The scope of a local optimization is one extended basic block.
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Table I. Average compilation rates and execution speed of compiled code on the SPECjvm98
benchmark suite

Compiler Bytecode Bytes/Millisecond  Speed
Baseline 377.76 1.0
Opt Level 0 9.29 4.26
Opt Level 1 5.69 6.07
Opt Level 2 1.81 6.61

Uncompiled

Initial compilation/AOS recompilation
Compiling

invalidated by classloader

Obsolete

no activations remain on thread stacks

(o= )

collected during next GC phase

if still valid

Installed

invalidated by classloader or
replaced by AOS recompilation

Freed

Life Cycle of a Compiled Method.

uncompiled  compiling
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5.3 Selective Optimization

VM MethodCountData. java

total

4The sampling rate can be adjusted on the command line; for all of our experiments we used the
default sampling interval of 10 ms.
5In our experiments we used the default buffer size of 20 samples.
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5.4  Online Profile-Directed Inlining

invokevirtual
invokeinterface

6In our experiments we used the default buffer size of 200 samples.

17
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(caller, callSite offset, callee)

"The static inliner will not inline a callee method whose estimated inlined size exceeds 25 machine
instructions. For hot edges, this size threshold is increased to 135 machine instructions.

8In our experiments we used the default values of an initial threshold of 6% and a minimal
threshold of 1%. After each sampling window, the threshold is halved until it reaches the minimal

value.
9In our experiments, we used the default threshold value of 0.25%.
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5.5 Controller Implementation

process
process

process

process

VM RecompilationStrategy
VM AnalyticModel
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Compiled ScannerInputStream.read ()I with baseline compiler in 0.20 ms

Controller
Estimated
Estimated
Estimated
Estimated

Controller
Estimated
Estimated
Estimated
Estimated

Scheduling

notified that method ScannerInputStream.read ()I(14402) has 4.0 samples

cost of doing nothing (leaving at baseline) to ScannerInputStream.read I is 40.0

cost of OPT compiling ScannerInputStream.read ()I at 00 is 40.42, total future time is 49.81
cost of OPT compiling ScannerInputStream.read ()I at 01 is 65.99, total future time is 72.58
cost of OPT compiling ScannerInputStream.read ()I at 02 is 207.44, total future time is 213.49

notified that method ScannerInputStream.read ()I(14402) has 9.0 samples

cost of doing nothing (leaving at baseline) to ScannerInputStream.read ()I is 90.0

cost of OPT compiling ScannerInputStream.read ()I at 00 is 40.42, total future time is 61.54
cost of OPT compiling ScannerInputStream.read ()I at 01 is 65.99, total future time is 80.81
cost of OPT compiling ScannerInputStream.read ()I at 02 is 207.44, total future time is 221.06
level 0 recompilation of ScannerInputStream.read ()I (plan has priority 28.46)

Recompiling (at level 0) ScannerInputStream.read ()I
Recompiled (at level 0) ScannerInputStream.read ()I

Controller
Estimated
Estimated
Estimated

..many similar entries....>

Controller
Estimated
Estimated
Estimated

Scheduling

notified that method ScannerInputStream.read ()I(14612) has 5.11 samples
cost of doing nothing (leaving at 00) to ScannerInputStream.read ()I is 51.12
cost of OPT compiling ScannerInputStream.read ()I at 01 is 66.26, total future time is 102.14
cost of OPT compiling ScannerInputStream.read ()I at 02 is 208.29, total future time is 241.24

notified that method ScannerInputStream.read ()I(14612) has 19.11 samples

cost of doing nothing (leaving at 00) to ScannerInputStream.read OI is 191.13

cost of OPT compiling ScannerInputStream.read ()I at D1 is 54.38, total future time is 188.52
cost of OPT compiling ScannerInputStream.read ()I at 02 is 170.97, total future time is 294.14
level 1 recompilation of ScannerInputStream.read ()I (plan has priority 2.61)

Recompiling (at level 1) ScannerInputStream.read ()I
Recompiled (at level 1) ScannerInputStream.read ()I

Controller
Estimated
Estimated

notified that method ScannerInputStream.read ()I(15312) has 18.41 samples
cost of doing nothing (leaving at 01) to ScannerInputStream.read (I is 184.14
cost of OPT compiling ScannerInputStream.read ()I at 02 is 170.97, total future time is 340.06

5.6 Logging and Debugging

OptTestHarness
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read spec.benchmarks. 213 javac.ScannerInputStream

VM Time.cycles()

6. EMPIRICAL ASSESSMENT

6.1 Benchmarks

SPECjbb2000
Ipsixql
xerces

Daikon Kawa
Soot

Pseudojbb

21
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compress 1 iter w/ -s10 input
jess 1 iter w/ -s10 input
db 1 iter w/ -s10 input
javac 1 iter w/ -s10 input
mpegaudio 1 iter w/ -s10 input
mtrt 1 iter w/ -s10 input
jack 1 iter w/ -s10 input
ipsixql 1 iter w/small workload
xerces SAXCount exercise
daikon Stack example
kawa, 2K line scheme input
soot HelloWorld input
saber Standard reporting
xalan 10K XML input
pseudojbb 12,000 transactions
SPECjbb2000 -

total-time
total-time

steady-state

time

1 iter w/ -s100 input
1 iter w/ -s100 input
1 iter w/ -s100 input
1 iter w/ -s100 input
1 iter w/ -s100 input
1 iter w/ -s100 input
1 iter w/ -s100 input
1 iter w/large workload
DOMCount exercise
Queue Example

12K line scheme input
SpecApplication input
HTML reporting

200,000 transactions

Saber
xalan

steady-state

warm up

37 iters w/ -s100
62 iters w/ -s100
23 iters w/ -s100
37 iters w/ -s100
35 iters w/ -s100
76 iters w/ -s100
48 iters w/ -s100
37 iters large workload

5 min warm up/
5 min timed

10Xalan currently has only one input. A second input will be added in the final version



Architecture and Policy for Adaptive Optimization in Virtual Machines . 23

Table ITI. Characterization of benchmarks.

Meth K BC Time Meth K BC Time Meth K BC Time

Exe Exe (s) Exe Exe (s) Exe Exe (s)
compress 243 22 3.08 243 22 23.97 243 22 14.95
jess 662 42 1.58 675 43 15.65 675 43 7.38
db 258 24 0.74 262 24 23.33 262 24 22.12
javac 939 86 2.36 967 87 21.83 967 87 14.82
mpegaudio 416 67 5.14 415 67 27.22 415 67  19.06
mtrt 368 31 3.60 369 31 13.24 369 31 6.57
jack 477 52 2.68 478 52 17.29 478 52 10.99
ipsixql 459 31 3.76 490 33 23.26 490 33 13.72
xerces 719 64 6.26 822 71 11.79 - - -
daikon 1671 140 11.64 1673 141 63.38 - - -
kawa 1794 96 3.64 3496 161  16.19 - - -
500t 1215 111 12.00 1734 126 53.55 - - -
saber 1970 218 7.40 4372 377  20.15 - - -
xalan 1582 142 2.14 - - - - - -
pseudojbb 587 51 5.00 597 51 53.88 - - -
SPECjbb2000 - - - - - - 962 85 2.10

6.2 Data Collection Methodology

FastAdaptiveCopyMS

1 This system corresponds to the 2.3.1 release described in Section 5 with an additional month’s
worth of development and bug fixes.

12Fewer runs were used for the steady-state regime for two reasons. First, each benchmark runs
for 10 minutes so there are practical reasons of collecting the data. Second, the timings reported
are the average performance over 5 minutes, so there is already some degree of noise reduction.
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6.3 Training Methodology

training set production set

production
GenMS

6.4 Selective Optimization

how beneficial is selective optimization?

13This decision reflects common industry practice, where the VM may be tuned for a small set of
standard industry benchmarks.
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single-level model

any
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6.5 Model-driven policy evaluation

how beneficial is model-driven selective optimization?

trained tuned

1By default, Jikes RVM performs compilation using an asynchronous compilation thread. This
mechanism was used for all configurations to allow a fair comparison.
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6.6 Multiple optimization levels

how beneficial is multi-level selective
optimization?
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6.7 Feedback-directed Optimization

how beneficial are feedback-directed optimizations?
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6.8 Implementation overhead
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6.9 Recompilation activity

201 compress
228 jack
213 javac
T
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Baseline vs. Optimized
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Normal Order
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javac compress jess db mpegaudio mtrt jack
Benchmark Baseline Total Opt Opt 0 Opt 1 Opt 2
normal 81.46 (1731) 18.54 (394) 9.79 (208) 7.67 (163) 1.08 (23)
backward 81.73 (1736) 18.27 (388 9.70 (206) 7.63 (162) 0.94 (20)
javacFirst  80.71 (1715) 19.29 (410 10.78 (229) 7.39 (157) 1.13 (24)
Arith. Mean 81.30 (1727) 18.70 (397 10.09 (214) 7.56 (160) 1.05 (22)
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7. DISCUSSION

7.1 Implementation Details Matter

Finding the Right Low-Overhead Solution.

15These benchmarks do share some common library routines, but the application code for each
benchmark is independent.
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Accounting for Optimization.

Adaptive Compiler DNA.

16The scripts used to drive these experiments and compute the DNA values are included in the
Jikes RVM open source release in rvm/src/tools/computeCompilerDNA.



Architecture and Policy for Adaptive Optimization in Virtual Machines

Yieldpoint Placement.

mpegaudio

7.2 Comprehensive Performance Evaluation is Critical

39



40 . Matthew Arnold et al.

7.3 Coping with Non-Determinism
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7.4 Continuous Recompilation

7.5 Modeling Compilation Cost and Expected Benefit

41
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8. RELATED WORK

8.1 Influential Adaptive Optimization Systems

17These unpublished experiments were joint work with Barbara Ryder and Jeanne Ferrante.
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8.2 Optimization Strategies

43
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counters
sampling
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QuickSilver

8.3 Feedback-Directed Inlining

type feedback

45
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8.4 Other related work

9. CONCLUSIONS
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db-medium

Benchmark

db-medium

xalan
javac-medium
jess-medium
jack-medium
kawa-medium
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3.59(17.56)
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4.94(0.49)
6.04(0.61)
8.40(0.23)
9.82(0.05)
11.72(0.03)
11.82(0.02)
12.23(0.17)
13.14(0.18)
17.52(6.11)
19.48(0.20)
22.14(0.08)
24.91(0.37)
28.42(0.14)
31.23(0.05)
38.27(0.42)
41.59(0.27)
46.19(0.08)
66.84(0.07)
97.28(0.15)
107.89(0.03)
108.12(0.05)
109.03(0.01)

ctr0

0.76(0.41)
3.76(0.32)
2.91(0.61)
1.70(0.25)
3.12(0.38)
4.23(12.39)
4.18(2.61)
3.40(0.73)
4.76(0.55)
7.40(0.34)
2.86(0.12)
22.31(2.71)
4.55(0.07)
12.59(0.20)
11.87(0.19)
17.40(4.82)
17.57(0.14)
27.09(1.67)
23.79(1.22)
21.13(0.18)
16.69(0.24)
19.48(0.34)
30.59(0.49)
23.57(0.56)
52.91(0.12)
54.78(0.16)
27.78(0.78)
66.20(0.14)
26.21(0.64)

ctrl

0.88(0.51)
2.63(0.42)
2.59(0.16)
1.48(0.31)
3.36(0.30)
4.28(11.94)
3.16(0.16)
3.46(0.52)
5.43(0.48)
7.52(0.38)
2.85(0.30)
6.37(0.31)
5.36(0.09)
15.75(0.21)
13.27(0.27)
19.23(3.92)
17.38(0.22)
11.28(0.36)
24.42(0.28)
22.58(0.17)
14.77(0.14)
11.45(0.26)
28.45(3.54)
22.14(0.22)
55.38(0.18)
52.66(0.28)
27.09(0.37)
63.95(0.11)
25.21(0.06)

ctr2

1.32(1.72)
2.13(0.39)
2.68(0.31)
2.18(0.31)
2.94(0.13)
3.84(4.38)
3.42(0.26)
5.05(0.50)
6.42(0.51)
7.88(0.42)
4.19(0.27)
13.00(0.25)
8.70(0.10)
21.59(0.11)
12.93(0.25)
18.69(3.96)
17.99(0.26)
25.86(0.20)
20.76(0.30)
30.75(0.24)
17.53(0.23)
17.45(0.16)
28.96(2.31)
25.28(0.14)
70.98(0.18)
61.31(0.21)
22.77(0.09)
79.51(0.24)
34.55(0.09)

opt0
3.36(0.19)
15.98(0.15)
10.32(0.20)
6.08(0.19)
7.29(0.13)
12.89(2.65)
6.08(0.32)
4.77(0.60)
3.39(0.47)
25.79(0.07)
4.82(0.21)
8.85(0.13)
6.99(0.10)
21.57(0.11)
23.89(0.10)
33.98(1.36)
20.28(0.12)
14.72(0.09)
48.93(0.19)
25.76(0.09)
19.55(0.11)
20.87(0.36)
34.21(0.23)
27.54(0.17)
61.41(0.16)
49.53(0.14)
26.83(0.12)
73.25(0.08)
27.87(0.02)

optl

4.26(0.28)
30.97(0.10)
17.98(0.48)
9.27(0.43)
15.52(0.49)
21.29(2.36)
6.49(0.29)
5.73(0.56)
2.69(0.33)
49.41(0.13)
5.15(0.21)
13.99(0.13)
7.53(0.26)
36.14(0.10)
38.01(0.06)
61.12(2.56)
25.18(0.31)
18.55(0.08)

93.40(0.15)
32.12(0.53)
18.97(0.26)
13.87(0.28)
32.68(0.33)
26.76(0.26)
78.52(0.04)
44.82(0.21)
26.38(0.18)
84.10(0.09)
26.62(0.04)

opt2
6.59(0.09)
148.91(0.04)
46.35(0.08)
22.92(0.07)
30.80(0.17)
70.03(1.14)
16.64(0.12)
13.41(0.11)
4.30(5.67)
137.76(0.24)
6.74(0.08)
37.36(0.07)
17.36(0.07)
94.26(0.03)
150.83(0.09)
1400.84(0.83)
40.67(0.12)
44.32(0.05)
272.97(0.09)
63.71(0.09)
31.33(0.06)
22.37(0.08)
31.82(3.44)
33.72(0.12)
206.04(0.16)
43.85(0.28)
22.72(0.13)
140.28(0.03)
34.75(0.04)
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SPECjbb-300

Benchmark

SPECjbb-300
jack-long
javac-long
jess-long
mtrt-long
db-long

ipsixql
compress-long
mpegaudio-long

base

4.76(0.39)
15.42(0.23)
26.61(0.19)
26.67(0.02)
36.18(0.11)
40.62(0.37)
41.86(0.22)
107.46(0.23)
108.58(0.01)

ctr0

2.47(0.35)
12.34(0.47)
15.39(0.16)
11.52(0.06)
14.73(0.11)
28.94(0.87)
18.61(0.07)
23.28(0.12)
23.50(0.26)

ctrl

2.26(0.66)
11.31(0.14)
14.58(0.08)
9.23(0.10)
7.05(0.02)
26.13(0.44)
16.52(0.09)
22.38(0.07)
21.61(0.07)

ctr2

2.22(0.09)
11.51(0.41)
15.57(0.43)
9.09(0.12)
7.26(0.17)
25.97(0.84)
16.26(0.08)
16.20(0.06)
20.28(0.06)

opt0
2.41(0.29)
12.46(0.12)
15.88(0.09)
11.47(0.06)
14.84(0.22)
29.17(0.55)
22.27(0.23)
23.22(0.04)
23.58(0.01)

optl
2.21(0.09)
11.32(0.08)
14.89(0.06)
9.11(0.05)
7.17(0.07)
27.00(0.27)
20.90(0.06)
22.32(0.04)
21.56(0.00)

opt2
2.17(0.21)
11.54(0.07)
16.04(0.06)
8.99(0.03)
7.34(0.35)
27.76(0.01)
21.04(0.04)
16.17(0.01)
20.00(0.02)
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Table VIII. Percentage of time spent in various Jikes RVM threads.

Benchmark  Application GC  Recompilation AOS

db-medium 90.03 0.00 8.53 1.44

xalan 98.69 0.00 0.72 0.59
javac-medium 68.15 25.98 5.30 0.56
jess-medium 94.53 0.00 4.59 0.88
jack-medium 92.32 0.00 7.01 0.66
kawa-medium 95.18 0.00 4.27 0.55
mtrt-medium 82.30 0.00 17.25 0.45
ipsixql-medium 89.82 0.00 9.65 0.54
pseudojbb-medium 87.57 0.00 12.16 0.27
compress-medium 95.70 0.00 3.89 0.40
xerces-medium 83.15 0.00 16.40 0.45
mpegaudio-medium 76.12 0.00 23.41 0.47
daikon-medium 87.71 0.00 12.00 0.29
soot-medium 95.91 0.00 3.90 0.19
kawa-large 94.37 0.00 5.20 0.42
jack-large 87.51  3.38 8.75  0.36
xerces-large 84.64 0.00 14.93 0.43
javac-large 80.37  10.98 8.29 0.36
jess-large 82.48 4.26 12.93 0.32
saber-medium 96.39 0.00 3.42 0.19
mtrt-large 89.64 0.00 9.95 0.42
db-large 98.11 0.00 1.77 0.12
ipsixql-large 85.89 6.11 7.72 0.28
saber-large 95.26 0.00 4.48 0.26
soot-large 79.74  15.00 5.07 0.19
pseudojbb-large 86.15 4.23 9.32 0.29
compress-large 94.07 0.00 5.80 0.13
daikon-large 84.55 6.00 9.16 0.29
mpegaudio-large 85.79 0.00 13.96 0.25
Arith. Mean 88.35 2.62 8.61 0.42

Benchmark  Application GC  Recompilation AOS

ipsixql 89.47 9.32 1.12 0.10
SPECjbb2000 92.44 4.49 2.84 0.24
jack 89.83 6.19 3.84 0.15

javac 73.76  19.47 6.52 0.25

jess 90.06 8.26 1.57 0.11

mtrt 91.50 5.30 3.04 0.16

db 98.76 0.95 0.26 0.03

compress 98.46 1.25 0.25 0.03
mpegaudio 97.69 0.00 2.23 0.08

Arith. Mean 91.33 6.14 2.41 0.13
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Table IX. Percentage summary of final optimization level for all methods

Benchmark Baseline Total Opt Opt 0 Opt 1
db-medium  97.62 (246) 2.38 (6) 2.38 (6) 0.00 (0)
xalan  99.81 (1579) 0.19 (3) 0.19 (3) 0.00 (0)
javac-medium  99.04 (925) 0.96 (9) 0.75 (7) 0.21 (2)
jess-medium 98.62 (645) 1.38 (9) 0.61 (4) 0.76 (5)
jack-medium  94.27 (444) 5.73 (27) 4.25 (20) 1.49 (7)
kawa-medium ~ 98.89 (1774) 1.11 (20) 0.89 (16) 0.22 (4)
mtrt-medium  91.99 (333) 8.01 (29) 4.70 (17)  3.31 (12)
ipsixql-medium  95.42 (438)  4.58 (21) 3.70 (17)  0.87 (4)
pseudojbb-medium  85.65 (555)  14.35 (93) 8.95 (58)  4.78 (31)
compress-medium  95.80 (228) 4.20 (10) 2.10 (5) 2.10 (5)
xerces-medium  91.93 (661) 8.07 (58) 6.54 (47)  1.53 (11)
mpegaudio-medium  90.95 (372) 9.05 (37) 6.11 (25)  2.93 (12)
daikon-medium  94.97 (1586)  5.03 (84) 3.53 (59)  1.50 (25)
soot-medium  98.11 (1193) 1.89 (23) 1.23 (15) 0.66 (8)
kawa-large  97.14 (3396)  2.86 (100) 2.37 (83)  0.46 (16)
jack-large  89.22 (422)  10.78 (51) 4.86 (23)  5.71 (27)
xerces-large 87.23 (717)  12.77 (105) 7.91 (65) 4.74 (39)
javac-large  81.29 (782) 18.71 (180)  13.31 (128)  5.30 (51)
jess-large 94.01 (628) 5.99 (40) 2.10 (14) 2.84 (19)
saber-medium  99.34 (1956) 0.66 (13) 0.41 (8) 0.20 (4)
mtrt-large  81.82 (207)  18.18 (66) 5.79 (21)  11.57 (42)
db-large  98.05 (251) 1.95 (5) 0.78 (2) 0.00 (0)
ipsixql-large  91.63 (449) 8.37 (41) 4.29 (21)  3.88 (19)
saber-large  99.04 (4331) 0.96 (42) 0.73 (32) 0.21 (9)
soot-large  89.84 (1557)  10.16 (176) 6.23 (108) 3.58 (62) .
pseudojbb-large 66.98 (434)  33.02 (214) 15.12 (98) 14.97 (97) 2.93
compress-large  95.38 (227) 4.62 (11) 0.42 (1) 2.52 (6) .
daikon-large  90.38 (1512)  9.62 (161) 5.14 (86)  3.53 (59)  0.96
mpegaudio-large  83.82 (342)  16.18 (66) 6.13 (25)  9.31 (38)
Arith. Mean  92.35 (975) 7.65 (58) 4.19 (34)  3.08 (21)
Benchmark Baseline Total Opt Opt 0 Opt 1 Opt 2
ipsixql  86.94 (426)  13.06 (64) 3.27 (16)  4.90 (24)  4.90 (
SPECjbb2000  71.69 (580)  28.31 (229) 4.45 (36)  12.73 (103) 11.12
jack 66.17 (313) 33.83 (160)  11.21 (53)  13.95 (66)  8.67
javac  50.21 (483) 49.79 (479)  18.71 (180) 22.56 (217)  8.52
jess  81.94 (549)  18.06 (121) 8.36 (56) 5.82 (39)  3.88
mtrt  72.53 (264)  27.47 (100) 4.67 (17) 15.38 (56) 7.42
db  94.57 (244) 5.43 (14) 1.94 (5) 1.55 (4) 1.94
compress  91.60 (218) 8.40 (20) 3.36 (8) 2.94 (7) 2.10
mpegaudio  72.13 (295)  27.87 (114) 6.11 (25)  12.71 (52)  9.05 (37
Arith. Mean  76.42 (374)  23.58 (144) 6.90 (44)  10.28 (63)  6.40 (37



