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Abstract

JavaScript emerges today as one of the most important pro-
gramming languages for the development of client-side web
applications. Therefore, it is essential that browsers be able
to execute JavaScript programs efficiently. However, the dy-
namic nature of this programming language makes it very
challenging to achieve this much needed efficiency. In this
paper we propose parameter-based value specialization as a
way to improve the quality of the code produced by JIT en-
gines. We have empirically observed that almost 60% of the
JavaScript functions found in the world’s 100 most popular
websites are called only once, or are called with the same
parameters. Capitalizing on this observation, we adapt a
number of classic compiler optimizations to specialize code
based on the runtime values of function’s actual parameters.
We have implemented the techniques proposed in this pa-
per in lonMonkey, an industrial quality JavaScript JIT com-
piler developed in the Mozilla Foundation. Our experiments,
run across three popular JavaScript benchmarks, SunSpider,
V8 and Kraken, show that, in spite of its highly speculative
nature, our optimization pays for itself. As an example, we
have been able to speedup SunSpider by 5.38%, and to re-
duce the size of its native code by 16.72%.

Categories and Subject Descriptors 1D.3.4 [Processors]:
Compilers

General Terms Languages, Performance

Keywords JIT-compilation, JavaScript, Speculation

1. Introduction

JavaScript is presently the most important programming lan-
guage used in the development of client-side web applica-
tions [16]. If in the past only very simple programs would
be written in this language, today the reality is different.
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JavaScript appears in programs ranging from simple form
validation routines to applications as complex as Google’s
Gmail. Furthermore, JavaScript, in addition to being used
directly by developers, is used as the intermediate represen-
tation of frameworks such as the Google Web Toolkit. Thus,
it fills the role of an assembly language of the Internet. Given
that every browser of notice has a way to run JavaScript pro-
grams, it is not surprising that the industry and the academia
are putting considerable effort in the creation of efficient ex-
ecution environments for this programming language.

Nevertheless, executing JavaScript programs efficiently is
not an easy task. JavaScript is dynamically typed, it provides
an eval function that loads and runs strings as code, and its
programs tend to use the heap heavily. This dynamic nature
makes it very difficult for a static compiler to predict how
a JavaScript program will behave at runtime. In addition to
these difficulties, JavaScript programs are usually distributed
in source code format, to ensure portability across different
architectures. Thus, compilation time generally has impact
on the user experience.

The just-in-time compiler seems to be the tool of choice
of engineers to face all these challenges. A just-in-time com-
piler either compiles a JavaScript function immediately be-
fore it is invoked, as Google’s V8 does, or while it is be-
ing interpreted, as Mozilla’s TraceMonkey did. The advent
of the so called Browser War between main software com-
panies has boosted significantly the quality of these just-in-
time compilers. In recent years we have seen the deployment
of very efficient trace compilers [9, 15, 21] and type spe-
cializers for JavaScript [17]. New optimizations have been
proposed to speedup JavaScript programs [27, 31], and old
techniques [7] have been put to very good use in state-of-
the-art browsers such as Google Chrome. Nevertheless, we
believe that the landscape of current just-in-time techniques
still offers room for improvement, and our opinion is that
much can be done in terms of runtime value specialization.

As we show in Section 2, we have observed empirically
that almost 60% of all the JavaScript functions in popular
websites are either called only once, or are always called
with the same parameters. Similar numbers can be extended
to typical benchmarks, such as V8, SunSpider and Kraken.
Grounded by this observation, in this paper we propose to
use the runtime values of the actual parameters of a function



to specialize the code that we generate for it. In Section 3
we revisit a small collection of classic compiler optimiza-
tions. As we show in the rest of this paper, some of these
optimizations, such as constant propagation and dead-code
elimination, perform very well once the values of function
arguments are known. This knowledge is an asset that no
static compiler can use, and, to the best of our knowledge,
no just-in-time compiler currently uses.

We have implemented the ideas discussed in this paper
in JonMonkey, a JavaScript JIT compiler that runs on top of
the SpiderMonkey interpreter used in the Firefox browser.
As we explain in Section 4, we have tested our implemen-
tation in three popular JavaScript benchmarks: V8, Sun-
Spider and Kraken. We only specialize functions that are
called with at most one different parameter set. If a func-
tion that we have specialized is invoked more than once with
different parameters, then we discard its binaries, and fall
back into IonMonkey’s traditional compilation mode. Even
though we might have to recompile a function, our experi-
ments show that our approach pays for itself. We speedup
SunSpider 1.0 by 5.38%. In some cases, as in SunSpider’s
bitops-bits-in-byte. js, we have been able to achieve
a speedup of 49%. We have improved runtimes in other
benchmarks as well: we have observed a 4.8% speedup in
V8 version 6, and 1.2% in Kraken 1.1. We emphasize that
we are comparing our research quality implementation with
Mozilla’s industrial quality implementation of lonMonkey.

2. A Case for Value Specialization

We propose to specialize the code that the JIT compiler
produces for a JavaScript function based on the parameters
that this function receives. This kind of optimization is only
worth doing if functions are not called many times with dif-
ferent parameters. To check the profitability of this optimiza-
tion, we have instrumented the Mozilla Firefox browser, and
have used it to collect data from the 100 most visited web-
pages in the Alexa index !. We have tried, as much as pos-
sible, to use the same methodology as Richards et al. [14]:
for each webpage, our script imitates a typical user section,
with interactions that simulate keyboard and mouse events.

The histogram in Figure 1 shows how many times each
different JavaScript function is called. This histogram clearly
delineates a power distribution. In total we have seen 23,002
different JavaScript functions in the 100 visited websites.
48.88% of all these functions are called only once during the
entire browser section. 11.12% of the functions are called
twice. The two most invoked functions, located at the Taobao
content delivery network (http://a.tbcdn.cn), and in the
Facebook library (http://static.ak.fbcdn.net), are
called 1,956 and 1,813 times. These numbers show that spe-
cializing functions to the runtime value of their parameters
is a reasonable approach in the JavaScript world.

'http://www.alexa.com
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Figure 1. Histogram showing the percentage of JavaScript
functions (Y-axis) that are called n times (X-axis). Data
taken from Alexa’s 100 top websites. The histogram has 353
entries; however, we only show the first 29. The tail has been
combined in entry 30.
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Figure 2. Histogram showing the percentage of JavaScript
functions (Y-axis) that are called with n different sets of ar-
guments (X-axis). Data taken from Alexa’s 100 top websites.
We only show the first 29 entries.

If we consider functions that are always called with the
same parameters, then the distribution is even more concen-
trated towards 1. The histogram in Figure 2 shows how of-
ten a function is called with different parameters. This ex-
periment shows that 59.91% of all the functions are always
called with the same parameters. The descent in this case
is impressive, as 8.71% of the functions are called with two
different sets of parameters, and 4.60% are called with three.
This distribution is more uniform towards the tail than the
previous one: the most varied function is called with 1,101
different parameters, the second most varied is called with
827, the third most with 736, etc. If it is possible to reuse
the same specialized function when its parameters are the
same, the histogram in Figure 2 shows that the speculation
that we advocate in this paper is a hit in 60% of the cases. We
keep a cache of actual parameter values, so that we can ben-
efit from this regularity. Thus, if the same function is called
many times with the same parameters, then we can still run
its specialized version.

We have built these histograms to popular benchmarks
also. The results are given in Figure 3. The new histograms
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Figure 4. The most common types of parameters used in
benchmarks and in actual webpages.

are more varied than in the previous analysis. We specu-
late that this greater diversity happens because we are con-
sidering a universe with much less elements: We have 154
distinct functions in SunSpider, 186 in Kraken, and 320 in
Google’s V8. Nevertheless, we can still observe a power law,
mainly in SunSpider’s and Kraken’s distribution. 21.43%
of SunSpider’s functions are called only once. This num-
ber is only 4.68% in V8, but is 39.79% in Kraken. The
function most often called in SunSpider, md5_ii from the
crypto-md5 benchmark, was invoked 2,300 times. In V8
we have observed 3,209 calls of the method sc_Pair in
the earley-boyer benchmark. In Kraken, the most called
function is in stanford-crypto-ccm, an anonymous func-
tion invoked 648 times.

If we consider how often each function is invoked with
the same parameters, then we have a more evident power
distribution. Figure 3 (Bottom) shows these histograms. We
have that 38.96% of the functions are called with the same
actual parameters in SunSpider, 40.62% in V8, and 55.91%
in Kraken. At least for V8 we have a stark contrast with
the number of invocations of the same function: only 4.68%
of the functions are called a single time, yet the number of
functions invoked with the same arguments is one order of
magnitude larger. In the three collections of benchmarks, the
most called functions are also the most varied ones. In Sun-
Spider, each of the 2,300 calls of the md5_ii function re-
ceives different values. In V8 and Kraken, the most invoked
functions were called with 2,641 and 643 different parameter
sets, respectively.

The types of the parameters: We have performed a com-
parison between the types of the parameters used by func-
tions called with only one set of arguments in the bench-
marks, and in the Alexa top 100 websites. The results of
this study are shown in Figure 4. Firstly, we observe great
diversity between the benchmarks and the web, and among
the benchmarks themselves. Nevertheless, one fact is evi-
dent: the benchmarks use integers much more often than
the JavaScript functions that we found in the wild. 37.5%,
48.72% and 33.03% of the parameters used by functions

in SunSpider, V8 and Kraken are integers. On the Inter-
net, only 6.36% of the parameters are integers. In this case,
objects and strings are used much more often: 35.57% and
32.95% of the time. Some of the optimizations that we de-
scribe in this paper, notably constant propagation, can use in-
tegers, doubles and booleans with great benefit: these prim-
itive types allow us to solve some arithmetic operations at
code-generation time. We can do less with objects, arrays
and strings: we can inline some properties from these types,
such as the length constant used in strings. We can also
solve some conditional tests, e.g., ==, ===, etc, and we can
solve calls to the typeof operator.

3. Parameter Based Value Specialization

Our idea is to replace the parameters of a function by the
values that they hold when the function is called. Before
explaining how we perform this replacement, we will briefly
review the life cycle of a program executed through a just-
in-time compiler. In this paper, we focus on the binaries
generated by a particular compiler — IlonMonkey — yet, the
same code layout is used in other JIT engines that combine
interpretation with code generation.

Some JavaScript runtime environments, such as Chromi-
um’s V8, compile a function in the first time that function is
called. Other runtime systems compile code while this code
is interpreted. The Mozilla Firefox engine follows the sec-
ond approach. A JavaScript function is first interpreted, and
then, if a heuristics deems this function worth compiling,
it is translated to native code. Figure 5 illustrates this inter-
play between interpreter and just-in-time compiler. Mozilla’s
SpiderMonkey engine comes with a JavaScript interpreter.
There exists a number of JIT compilers that work with this
interpreter, e.g., TraceMonkey [15], JigerMonkey [17] and
IonMonkey. We will be working with the latter.

The journey of a JavaScript function in the Mozilla’s Vir-
tual Machine starts in the Parser, where the JavaScript code
is transformed into bytecodes. These bytecodes form a stack-
based instruction set, which SpiderMonkey interprets. Some
JavaScript functions either are called very often, or contain
loops that execute for a long time. We say that these func-
tions are hot. Whenever the execution environment judges a
function hot, this function is sent to lonMonkey to be trans-
lated to native code.

The JavaScript function, while traversing IonMonkey’s
compilation pipeline, is translated into two intermediate rep-
resentations. The first, the Middle-level Intermediate Repre-
sentation (MIR) is the baseline format that the compiler op-
timizes. MIR instructions are three-address code in the static
single assignment (SSA) form [12]. This representation pro-
vides an infinite supply of virtual registers, also called vari-
ables. The main purpose of the MIR format is to provide
to the compiler a simple representation that it can optimize.
One of the optimizations that lonMonkey does at this level is
global value numbering; a task performed via the algorithm
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Figure 3. Invocation histograms for three different benchmark suites. (Top) Fraction of the number of times that each function
is called. (Bottom) Fraction of the number of times that each function is called with the same parameters.

JavaSeript source code

function inc(x) { Parser
return x + 1; L

}

MIR
resumepoint 4 2 6
parameter -1 Value
resumepoint 4 2 6
parameter 0 Value

constant undef Undefined
unbox parameterd Int32

resumepoint 4 2 6

checkoverrecursed

constant 0xl Int32

add unbox10 constld Int32

return addlé

Interpreter

Compiler

Native code

mov 0x28 (3rsp), $rl0
shr $0x2f, %rl0
L cmp SO0x1fffl, $rl10d
label () je 0x1b
pé[ametrei ([‘fl (arqSO)]) jmpg Ox6e
parameter ([x:2 (arg:8)]) 0x28 (%rsp), %rax

%eax, secx
$0x7£70b72c, %rll

mov
start () .

unbox ([i:3]) (v2:r) Code mov
checkoverrecursed () t=([i:4]) Generator mov

osipoint () mov (%rll), srdx

addi ([i:5 (1)]1) (v3:r), (c) cmp %rdx, $rsp

box ([x:6]) (v5:r) jbe 0x78

return () (v6:rcx) add $0x1, secx
jo Oxab
mov $0xEE£88000, $rax
retqg

Figure 5. The life cycle of a JavaScript program in the
SpiderMonkey/IonMonkey execution environment.

first described by Alpern et al. [3]. It is at this level that we
apply the optimizations that we describe in this section.

The optimized MIR program is converted into another
format, before being translated into native code. This for-
mat is called the Low-level Intermediate Representation, or
LIR. Contrary to MIR, LIR contains machine specific in-
formation. MIR’s virtual registers have been replaced by a
finite set of names whose purpose is to help the register allo-
cator to find locations to store variables. After lonMonkey is
done with register allocation, its code generator produces na-
tive binaries. SpiderMonkey diverts its flow to the address of
this stream of binary instructions, and the JavaScript engine
moves to native execution mode.

This native code will be executed until either it legiti-
mately terminates, or some guard evaluates to false, causing
a recompilation. Just-in-time compilers usually speculate on
properties of runtime values in order to produce better code.
IonMonkey, for instance, uses type specialization. JavaScript
represents numbers as infinitely large floating-point values.
However, many of these numbers can be represented as sim-
ple integers. If the lonMonkey compiler infers that a numeric
variable is an integer, then this type is used to compile that
variable, instead of the more expensive floating point type.
On the other hand, the type of this variable, initially an in-
teger, might change during the execution of the JavaScript
program. This modification triggers an event that aborts the
execution of the native code, and forces lonMonkey to re-
compile the entire function.

3.1 The Anatomy of a MIR program.

Figure 6 shows an example of a control flow graph (CFG)
that lonMonkey produces. In the rest of this paper we will
be using a simplified notation that represents the MIR in-
struction set. Contrary to a traditional CFG, the program
in Figure 6 has two entry points. The first, which we have
labeled function entry point is the path taken whenever the
program flow enters the binary function from its beginning.
This is the path taken whenever a function already compiled
is invoked. The second entry point, the on stack replacement
(OSR) block, is the path taken by the program flow if the
function is translated into binary during its interpretation.
As we have mentioned before, a function might be compiled
once some heuristics in the interpreter judges that it will run
for a long time. In this case, the interpreter must divert the
program flow directly to the point that was being interpreted
when the native code became active. The OSR block marks
this point, usually the first instruction of a basic block that is
part of a loop.



(a) function inc(x) { function map(s, b, n, f) {
return x + 1; var i = b;
} while (i < n) {
s[i] = f(s[i]);

it++;
}
return s;

}
print (map(new Array(l, 2, 3, 4, 5), 2, 5, inc));

b
® Function entry point On stack replacement

Lo: resumepoint Li: resumepoint
so = param[0] s1 = param[0]
no = param[1] ni = param(1]
fo = param([2] f1 = param[2]
bo = param[3] i1 = stack[0]

resumepoint resumepoint

io = bo
4 /

L2: resumepoint
s2 =¢(so, s1, s2)
n2 =¢(no, ni, nz)
f2 =¢(fo, f1, f2)
i3z =¢(io, i1, i2)
p=1i3 < n2
brt p, L

/ L3: resumepoint

typebarrier sz

L4: resumepoint checkarray sz, i3
stack([-4] = s2
ret passarg xo
passarg f2
call

resumepoint

x0 = 1d s2, i3

x1 = getreturn
typebarrier x
typebarrier sz
checkarray sz, i3
st s2, i3, x1

iz = i3 + 1

goto L2

Figure 6. (a) The JavaScript program that we will use as a
running example. (b) The control flow graph of the function
map.

The CFG in Figure 6 contains a number of special in-
structions called resumepoint. These instructions indicate
places where the state of the program must be saved, so that
if it returns to interpretation mode, then the interpreter will
not be in an inconsistent state. Resume points are neces-
sary after function calls, for instance, because they might
have side effects. On the other hand, referentially transpar-
ent commands do not require saving the program state back
to the interpreter.

3.2 Parameter Specialization

The core optimization that we propose in this paper is pa-
rameter specialization. This optimization consists in replac-
ing the arguments passed to a function by the values associ-
ated with these arguments at the time the function is called.
Our optimizer performs this replacement while the MIR con-
trol flow graph is built; therefore, it imposes zero overhead
on the compiler. That is, instead of creating a virtual name
for each parameter in the graph, we create a constant with
that parameter’s runtime value. We have immediate access
to the value of each parameter, as it is stored in the inter-
preter’s stack. There are two types of inputs that we special-

ize: those in the function entry block, and those in the OSR
block. Figure 7(a) shows the effects of this optimization in
the program first seen in Figure 6.

3.3 Constant Propagation

Constant propagation is, possibly, the most well-known code
optimization, and it is described in virtually every compiler
textbook. We have implemented the algorithm present in
Aho et al’s classic book [1, p.633-635]. Basically, each
program variable is associated with one element in the lattice
1 < ¢ < T, where c is any constant. We iterate successive
applications of a meet operator until we reach a fixed point.
This meet operator is defined as L Ac =c¢, LA T =T,
TAc=T,coAec1 = cgifcg = 1 and cgAc; = T otherwise.
We have opted for the simplest possible implementation of
constant propagation, to reduce the time overhead that our
optimization imposes on the runtime environment. Thus,
contrary to Wegman et al.’s seminal algorithm [30], we do
not extract information from conditional branches.

Figure 7(b) shows the code that results from the appli-
cation of constant propagation on the program seen in Fig-
ure 7(a). If all the arguments of an instruction ¢ are constants,
then we can evaluate ¢ at compilation time. If ¢ defines a
new variable v, then we can replace every use of v by the
constant that we have just discovered. The elimination of an
instruction that only operates on constants is called folding.
We have marked the 14 instructions that we have been able to
fold in Figure 7(b). We can fold a large number of JavaScript
typical operations. Some of these operations apply only on
primitive types, such as numbers, e.g., addition, subtraction,
etc. Others, such as the many comparison operators, e.g., ==,
I=, ===, == and the typeof operator, apply on aggregates
too.

JavaScript is a very reflective language, and runtime type
inspection is a common operation, not only at the develop-
ment level, but also at the code generation level. As an exam-
ple, in Figure 6 we check if s is an array, before accessing
some of its properties. Our constant propagation allows us
to fold away many type guards, which are ubiquitous in the
code that lonMonkey generates. We have folded the two type
guards in block L. This optimization is safe, as there is no
assignment to variable s in the entire function.

3.4 Loop Inversion

Loop inversion is a classic compiler optimization that con-
sists in replacing a while loop by a repeat loop. The main
benefit of this transformation is to replace a conditional and
an unconditional jump inside a loop by just a conditional
loop at its end. Figure 7(c) shows the result of performing
loop inversion in the program seen in Figure 7(b). Usually
loop inversion inserts a wrapping conditional around the re-
peat loop, to preserve the semantics of the original program.
This conditional, only traversed once by the program flow,
ensures that the body of the repeat loop will not be exe-
cuted if the corresponding while loop iterates zero times.



On stack replacement Function entry point On stack replacement

Li: resumepoint Lo: resumepoint L1: resumepoint
s+— OxFF358800-
n=5 \ /
f1 = inc
=2 Lz: resumepoint
resumepoint 2 =¢(2, 2)
po =2 >= 5
brt po, La

/

N

’ Ls: resumepoint
is =¢(2, i2)
checkarray 0xFF3D8800, is
xo = 1d O0xFF3D8800, is
passarg xo

passarg inc

Function entry point On stack replacement Function entry point
Lo: resumepoint Li: resumepoint Lo: resumepoint
so = OxFF3D8800 s1 = OxFF3D8800 Se—BxPE3IBSEES
no =5 n =5 Ae—=5-
fo = OxFF3DE0L0 £1 = inc fo—ine
bo =2 i1 =2 bo—=—2-
resumepoint resumepoint resumepoint
10 = bo / o —be
L2: resumepoint L2: resumepoint
s2 =¢(so, s1, s2) FE3D = FE3D
nz =¢(no, ni, nz) A
£2 =¢(fo, f1, f2) ne—=¢4i i
is =¢(io, i1, i2) is =¢(2, 2, i2)
p=1i3 < n2 p=1i3<5
brt p, L3 brt p,

L3: resumepoint Li: resumepoint
typebarrier sz stack[-4] = OxFF3D8800
checkarray sz, i: et

Li: resumepoint x0 = 1d sz,

stack[-4] = s2 passarg xo

ret passarg fz
call
resumepoint
x1 = getreturn
typebarrier xi
typebarrier sz
checkarray sz, i3
st s2, i3, x1
iz =43+ 1
goto Lz

(a) (b)

call
resumepoint

\ 4

La:

x1 = getreturn
typebarrier xi
checkarray 0xFF3D8800, i4
st 0xFF3D8800, ia, x1

resumepoint

checkarray 0xFF3D8800, i3

x0 = 1d OxFF3D8800, i3 i2 = ia + 1
passarg xo po=i2<5
passarg inc brt po, Ls

call

resumepoint /

x1 = getreturn
typebarrier xi La:

resumepoint
stack[-4] = OxFF3D8800
checkarray OxFF3D8800, i3 ret

st OxFF3D8800, i3, x
iz = i3+ 1

goto L2 (©

Figure 7. (a) The result of our parameter specialization applied onto the program in Figure 6. (b) Constant propagation. (c)

Loop inversion

Loop inversion does not directly benefit from the knowledge
of runtime values. However, we have observed that a sub-
sequent dead-code elimination phase is able to remove the
wrapping conditional. This elimination is possible because
our parameter specialization often lets us know, at code gen-
eration time, that a loop will be executed at least once.

3.5 Dead-Code Elimination

Dead-code elimination removes instructions that we prove
that cannot be reached by the program flow. We run it af-
ter constant propagation, in order to give instruction fold-
ing the chance to transform conditional branches into simple
boolean values. Whenever this extensive folding is possible,
the outcome of the conditional branch can be predicted at
compile-time; thus, we can safely remove the branch instruc-
tion and, possibly, blocks of unreachable code. Figure 8(a)
shows the effects of dead-code elimination on the program in
Figure 7(c). We have removed block Lo, because the result
of the comparison inside this block is known at code gen-
eration time. Notice that we keep the function entry block.
We only keep this block because we can cache the binaries
that we produce, in case a function is called with the same
parameters again. If compiled function is called again, then
execution must start at that function’s entry point.

3.6 Array Bounds Check Elimination

JavaScript is a type safe language, which means that any
value can only be used according to the contract specified
by its runtime type. As a consequence of this type safety,
array accesses in JavaScript are bound checked. Accesses

outside the bounds of the array return the undefined con-
stant, which is the only element in the Undefined data type.
Bound checking an index ¢ is a relatively expensive opera-
tion, because, at the native code level it requires loading the
array length property [, and demands two conditional tests:
7 > 0and 4 < [. The knowledge of function inputs allows us
to eliminate some simple bound checks.

To perform this optimization, we need to identify integer
variables that control loops. If these induction variables are
bounded by a known value, then we can perform a trivial
kind of range analysis to estimate the minimum and maxi-
mum values that array indices might receive. In order to keep
our optimizer simple and efficient, we only recognize vari-
ables defined by the pattern ig = exp;i; = @(ig,i2);i2 =
11 + co. Variables i3 and i4, plus the constant 2, in Fig-
ure 8(a) follow this pattern. Variable 75 is initially assigned
the constant 2, and i < 100 inside the loop; hence, its
range is [2,99]. Moreover, iy = ¢(2,i2); thus, its range is
also [2,99]. Therefore, any access of array ss, e.g., refer-
ence 0xFF3D8800 in the figure, indexed by 74 is safe, as s2’s
length is 100. Figure 8(b) shows the result of eliminating the
bounds checks from the program in Figure 8(b).

3.7 Function Inlining

JavaScript supports closures; therefore, it is possible to pass
a function as an argument to another one. We inline func-
tions passed as arguments, whenever possible. We are also
able to inline methods from objects that are passed as pa-
rameters. Figure 8(c) shows the result of replacing the call
to function inc, seen in Figure 8(b), by its body. lonMonkey



Function entry point Lt resumepoint On stack replacement
Lo: resumepoint {22 Li: resumepoint
p—=2>=5 goto Lsa:
brt po, 1
vl
Ls: resumepoint L3: resumepoint
stack[-4] = O0xFF3D8800 ie =¢(2, 2, i2)
ret checkarray 0xFF3D8800, i
x0 = 1d 0xFF3D8800, i4

passarg xo
passarg inc

call

resumepoint

X1 = getreturn
typebarrier xi

checkarray 0xFF3D8800, i
st OxFF3D8800, 14, x

iz = ia + 1

po = i2 < 5
(a) brt po, L3
Function entry point L3: resumepoint

Lo: resumepoint 14 =¢(2, 2, i2)

heek O%FF3D8860,

\ x0 = 1d O0xFF3D8800, i4
passarg xo

passarg inc

call
resumepoint

On stack replacement
Li: resumepoint
goto Ls3:

X1 = getreturn
typebarrier xi

<z heek OxEE3D8800,

st OxFF3D8800, i4, x

L4: resumepoint

2= di4 + 1
stack[-4] = OxFF3D8800 s
po = i2 < 5
ret
brt po, L3
Function entry point L3: resumepoint
Lo: resumepoint is =¢(2, 2, i2)
;2 iz
x0 = 1d OxFF3D8800, is
to = xo
On stack replacement £ = to + 1
Li: resumepoint resumepoint
——
goto Ls: X1 = to
typebarrier x1
st 0xFF3D8800, i4, x1
Ls: resumepoint i2 = i4 + 1
stack[-4] = OxFF3D8800 po = i2 <5
ret brt po, L3 (C)

Figure 8. (a) Dead code elimination. (b) Array bounds
check elimination. (c) Function inlining.

already performs function inlining; however, it does it after
40,000 calls, much later than we do. lonMonkey’s inliner is
profile guided: after a function is called a large number of
times, it decides to inline it. Closures are not immediately
inlined, as they are passed as formal parameters to a func-
tion that can be called with many different actual parameters.
Furthermore, inlining closures requires guards: if the host
function is called again, this time with a different closure,
recompilation must take place. Our aggressive approach to
inlining avoids all this burden. We inline a closure as soon
as we compile the host function, and we do not use guards.
In case the function is called again, our entire code will be
discarded; hence, these guards would not be necessary.

4. Experiments

The experiments that we describe in this section were per-
formed on a Quad-Core Intel i5 processor with 3.3GHz of
clock and 8GB of RAM running Ubuntu 12.04.1 32-bits. The
IonMonkey version that we are using was obtained from the
Mozilla repository on August 3rd, 2012.

The benchmarks. Timing JavaScript applications in actual
webpages is not trivial, because too many factors, mostly re-
lated to I/O operations, have an impact on the runtime of
these programs. Therefore, we chose to use three well know
benchmarks: SunSpider, Kraken and V8 in our experiments.
The advantage of the benchmarks is that we can measure
their execution time reliably. The disadvantage is that, as
pointed by Richards er al. [14], benchmarks might not re-
flect the true nature of the JavaScript applications found in
the wild. The data that we shown in Section 2 is a testimony
of this fact. On one hand, Figure 4 shows that actual ap-
plications tend to use instances of object more often than
instances of simpler types. The optimizations in Section 3
work better in the latter case. On the other hand, Figures 1, 2
and 3 seem to imply that functions tend to be called with the
same parameters more often in the wild, then in benchmarks.
The impact of parameter specialization on runtime. Fig-
ure 9 (a-b) shows the impact of our specialization in the run-
time of three different benchmark suites. We have executed
each of our benchmarks 100 times, to reduce the impreci-
sion of this experiment. The time measured in each run in-
cludes interpretation, compilation and native execution. We
have tested different configurations of the optimizations that
we have implemented. PARAMETERSPEC is the parameter
specialization that we have described in Section 3.2, aug-
mented with the automatic inlining of functions passed as
parameters, as we explained in Section 3.7.

We have run constant propagation without parameter
specialization, as we show in the third column of the ta-
ble, observing a runtime slowdown of (-1.04%). Without
parameter specialization, constant propagation has little
room to improve the code, as IonMonkey’s global value
numbering already eliminates most of the constants in the
scripts. On the other hand, the combination of parameter
specialization, constant propagation and dead-code elim-
ination has produced one of our best results. Some op-
timizations enable others. As an example, in SunSpider’s
string-unpack-code, loop inversion has improved the ef-
fectiveness of lonMonkey’s invariant code motion, yielding
a 28% speedup. Our implementation of array bounds check
elimination did not gives us a substantial speedup in any
benchmark. We are using a simple approach, i.e., we only
eliminate checks from arrays indexed by induction variables.
Moreover, the alias analysis that ensures the correctness of
this optimization is currently implemented in lonMonkey in
a very simple way. Thus, if there exists any store instruction
in the script being compiled, the elimination of bound check
instructions is considered unsafe and is not performed. If



PARAMETERSPEC

[ ) [ ] [ ] [ )
CONSTANTPROPG . °
LOOPINVERSION ° .
DEADCODEELIM ° ° °
BOUNDCHECKELIM ° °

— (a) Overall runtime speedup (% arithmetic mean) —
SunSpider 1.0 4.81 -1.04 4.46 4.62 5.35 5.12 4.12 5.12 5.38 4.54
V8 version 6 4.00 -0.50 4.17 4.33 2.00 4.83 4.00 1.17 4.67 2.50
Kraken 1.1 0.75 -0.08 0.75 0.83 1.25 0.75 0.67 0.67 0.50 0.75
— (b) Overall runtime speedup (% geometric mean) —
SunSpider 1.0 4.45 -1.04 4.03 4.21 491 4.51 3.68 4.59 4.80 4.13
V8 version 6 3.92 -0.50 4.09 4.25 1.74 4.75 3.92 0.94 4.59 2.31
Kraken 1.1 0.74 -0.08 0.74 0.83 1.24 0.74 0.66 0.66 0.49 0.74
— (¢) Compilation overhead (% arithmetic mean) —
Sunspider 1.0 -7.2 3.6 -4.3 -6.5 -7.3 -4.0 -3.8 -4.5 -3.6 -3.9
V8 version 6 1.5 2.1 4.0 2.6 1.7 3.6 4.3 34 3.8 34
Kraken 1.1 -3.0 3.0 -0.9 2.4 -0.7 16.2 -0.5 1.6 16.5 1.4
— (d) Compilation overhead (% geometric mean) —

Sunspider 1.0 -8.7 3.6 -5.8 -8.0 -8.7 -5.5 5.4 -6.0 -5.1 -5.4
V8 version v6 1.4 2.1 39 24 1.6 35 4.2 32 3.7 32
Kraken 1.1 -5.1 3.0 -2.9 -4.4 -2.9 52 -2.5 -0.5 5.6 -0.5

Figure 9. (a-b) Percentage of runtime speedup for each test of our benchmark suites, considering: parameter specialization
(Section 3.2), constant propagation (Section 3.3), loop inversion (Section 3.4), dead code elimination (Section 3.5) and array
bounds check elimination (Section 3.6). (c-d) Percentage of compilation overhead, considering the same set of optimizations.

we run all our optimizations together, we do not obtain the
best speedups. This happens because these optimizations
are not cumulative: DEADCODEELIM and BOUNDCHECK-
ELIM may, for instance, eliminate the same code.

Size of Generated Code. One of the benefits of our op-
timizations is code size reduction, which results from the
combination of parameter specialization with dead code
elimination. Figure 10 presents the size of the machine
code generated for functions of our three benchmarks with
and without our approach. Notice that, due to recompi-
lations, the same function may be translated in different
ways. In this analysis, we consider only the smallest ver-
sion that each compilation mode generates for each func-
tion. On average, we are able to reduce the size of the func-
tions in SunSpider by 16.72%. This reduction, for V8 and
Kraken, is 18.84% and 15.94%. These numbers translate to
real-world applications. We have run our techniques on the
JavaScript benchmark automatically built from actual web-
pages, using Richards et al.’s tool [23], obtaining a code-
size reduction of 12.07% for www.google.com, 16.08% for
www.facebook.com, and 22.10% for www.twitter.com.
In the first benchmark, we recompile 5.0% more functions,
in the second, 4.9%, and in the last one, 23.1%.
Compilation overhead. Figure 9 (c-d) shows the impact of
our optimizations in lonMonkey’s compilation time, i.e., the

time that this engine spends analyzing, optimizing and gen-
erating code. Surprisingly, many of our configurations im-
prove IonMonkey’s compilation time. As we have seen in
Figure 10, our optimizations decrease function sizes; thus,
reducing the amount of work performed by the other phases
of TonMonkey. Our key optimization, parameter specializa-
tion, has no overhead by construction. Instead of generating
instructions that manipulate memory locations, we do it for
constants. Additionally, this optimization improves the time
of the register allocator, given that it reduces register pres-
sure substantially.

Specialization policy. We specialize every function com-
piled by IonMonkey, i.e., hot functions, and we cache the ar-
guments of each specialized function. In this way, if a func-
tion is called in sequence with the same arguments, then
we reuse the specialized code. We distinguish successfully
specialized and deoptimized functions. The former category
represents the functions that are always called, throughout
the entire program execution, with the same arguments. In
this case, we have a win-win condition: we produce more
efficient code, and do not have to discard it later. If a func-
tion is called again with different arguments, then we dis-
card its specialized code, and recompile it, this time produc-
ing generic code for it. Additionally, the function is marked
and we do not try to specialize it again. We have special-
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Figure 10. Size of generated code (log scale), in number of x86 assembly instructions per function, in three benchmark suites.
Each point in the X axis is a function in our test suite. Functions are ordered by the size of the code that lonMonkey produces

without our optimizations.

ized 56 functions in SunSpider, 18 were successfully spe-
cialized, and 38 had to be deoptimized before program ter-
mination. Considering V8, we have specialized 37 functions,
11 of them were successfully specialized, and 26 were deop-
timized. For Kraken, these numbers are 38 specialized func-
tions, 14 successful cases, and 24 deoptimizations.

Impact on number of recompilations. A function will be
recompiled by the JIT engine if an assumption made by the
compiler stops being true or more information about the pro-
gram becomes available. Recompilations are expensive, be-
cause they stop the execution of a function to generate a
new version of it. In IonMonkey’s specific case, recompi-
lations happen, for instance, to update type information or to
perform function inlining. Since the value of arguments do
not change until at least the function is invoked again, we
perform our parameter based specialization even if a func-
tion is recompiled. Our approach may increase the number
of recompilations of a function, because, in our case, each
function will have to be recompiled whenever its is called
for a second time with different arguments. We have ana-
lyzed how often code is recompiled in our three benchmark
suites with and without our runtime value specialization. For
SunSpider, the number of compilations of the same func-
tion grows by 3.6% when using parameter specialization.
This number is 4.35% for V8 and 7.58% for Kraken. There-
fore, despite the highly speculative nature of our approach,
its drawback, at least in the Firefox benchmarks, is not so
big as one could at first expect.

5. Related Work

Just-in-time compilers are part of the programming lan-
guage’s folklore since the early 60’s. Influenced by the tow-
ering work of John McCarthy [20], the father of Lisp, a
multitude of JIT compilers have been designed and imple-
mented. These compilers have been fundamental to the suc-
cess of languages such as Smalltalk [13], Self [7], Python [24],
Java [18], and many others. In this section we will focus on
the strategies that JIT compilers use to specialize code at

runtime. For a comprehensive survey on just-in-time compi-
lation, we recommend the work of John Aycock [5].
Control Flow Speculation. There are two types of specula-
tion usually seen in just-in-time compilers: data and control
speculation. Data speculation happens whenever the com-
piler assumes that a certain data has a particular property.
This paper describes a data speculation technique. Control
speculation happens if the compiler assumes that a path will
be taken, and generates better code for that path. An ex-
ample of control speculation has been recently proposed by
Mehrara and Mahlke [21] in the context of trace compilers.
The authors propose to execute the main flow of a program’s
trace speculatively, delegating to a second thread the task
of checking if any side-exit has been taken. Whenever such
event is detected, the two threads synchronize, the state of
the interpreter is recovered, and execution falls back into in-
terpretation mode.

Input-Oriented Compilation. Tian ef al. describe a general
code generation paradigm that they call Input-Centric [28,
29]. In this model, the compiler generates the best possible
code for a certain universe of possible inputs. Machine learn-
ing might be used to determine which strategy the compiler
should adopt to produce code. A recent example of input-
oriented compilation is the work of Samadi et al. [26]. The
authors generate programs containing distinct sub-programs
to handle different kinds of inputs. Runtime characteristics
of the particular input determine which routine will be ac-
tivated. The input aware compiler has the advantage of be-
ing more general than our approach: it generates code that
works on different inputs. Our code only works with certain
values. However, the optimizations that we can perform are
more extensive: we trade generality for over-specialization.
Runtime Value Specialization based on Templates. Dif-
ferent research groups have proposed to specialize code at
runtime with the help of templates built before the program
starts running [11, 19, 22]. The template, in this case, is a
skeleton of the native code, that will be filled with dynamic
information once the program starts running. Consel and



Noel [11], for instance, propose to fill the templates with
data extracted from the input values passed to the program.
The static analysis that Consel and Noel use to build the tem-
plates classifies variables as either static (known) or dynamic
(unknown). The variables in the former group define the
overall structure of the template, whereas the variables in the
latter determine the parts of this structure that must be com-
pleted dynamically. The main difference between template-
based compilation and the approach that we advocate in this
paper is that we do not require the pre-compilation phase in
which templates are built. Moreover, as a technical detail, we
specialize code at the function level, i.e., we use the values
passed to individual functions, whereas these related works
use input values passed to the program.

Type Speculation. There is a large body of work related to
runtime type specialization. The core idea is simple: once
the compiler proves that a value belongs into a certain type,
it uses this type directly, instead of resorting to costly boxing
and unboxing operations. Due to the speculative nature of
these optimizations, guards are inserted throughout the bi-
nary code, so that, in case the type of a variable changes,
the execution environment can adapt accordingly. Armin
Rigo provides an extensive description about this form of
specialization, in the context of Psyco, a JIT compiler for
Python [24]. Almasi et al. [2] describe a complete compi-
lation framework for Matlab that does type specialization.
They assume that the type of the input values passed to a
function will not change; hence, they generate binaries cus-
tomized to these types. Also in the Matlab world, yet more
recently, Boisvert ef al. [10] have used type specialization to
better handle arrays and matrices.

In another front, the researchers from the Mozilla Foun-
dation have proposed several ways to apply type information
onto JavaScript code [8, 15, 17]. Gal et al. [15]’s TraceMon-
key performs a number of type-based optimizations, such as
converting floating point numbers to integers, and sparse ob-
jects to dense vectors. Type specialization seems to be, in
fact, one of the key players in the Firefox side of the browser
war, as Hackett and Shu have recently demonstrated [17].
Runtime Value Specialization The work of Bolz et al. [6]
is close to ours. The authors propose to use just-in-time par-
tial evaluation to speed up Prolog programs. Conceptually,
Bolz’s approach differs from ours in two main ways. First,
we transform programs by using classic compiler optimiza-
tions, whereas Bolz et al. use standard partial evaluation.
Second, similar to the template-based approach, Bolz et al.
rely on a pre-compilation phase, in which they create hooks
that the partial evaluator uses to manipulate the program.
Thus, whereas we do not require a pre-compilation phase,
Bolz et al. preprocess the program before running it.

The present work completes our first attempt to imple-
ment value specialization in lonMonkey [4]. That endeavor
was a very limited study: our compiler would abort execu-
tion if the same function was called more than once, and we

did not try to implement any other optimization besides pa-
rameter specialization. Our preliminary implementation was
based on the work of Sol ef al. [27]. Sol et al. have proposed
an overflow-check elimination technique for JIT compilers.
JavaScript represents numbers as floating point values. Gal
et al. [15], as mentioned before, replace these numbers by in-
tegers whenever possible. However, overflow guards are in-
serted along the binary code, to preserve the correct seman-
tics of JavaScript. Sol ef al. have designed a range analysis
to eliminate some of these guards, and have implemented it
in Mozilla’s TraceMonkey. This range analysis inspects the
values piled on the interpreter’s stack for improved preci-
sion. Sol et al. have shown that this knowledge adds an al-
most three-fold increase in the effectiveness of the overflow
elimination routine, when compared to a completely static
approach, such as Rodrigues et al.’s [25]. The scope of our
paper is broader than Sol’s: we specialize whole functions,
instead of traces, and use several compiler optimizations, in-
stead of only overflow-check elimination.

6. Conclusion

This paper has described a suite of value-based compiler op-
timizations that we have used to improve the execution time
of an industrial-strength just-in-time compiler. We believe
that this paper has pushed further the notion of JIT spec-
ulation, as we produce highly-specialized binaries given the
input values passed to a function. Our approach is most prof-
itable when applied on functions that are called always with
the same parameters. We have demonstrated that these calls
are very frequent, be it in well-known benchmarks, be it in
actual webpages. We hope that the code optimization ap-
proach that we advocate in this paper will open new direc-
tions to compiler research. It is our intention to re-implement
other classic compiler optimizations such as loop-unrolling
and overflow-check elimination in the context of runtime-
value specialization. We also plan to experiment our ap-
proach with different heuristics. For instance, we cache only
one binary per function. Thus, we can specialize only two
different parameter sets for the same function. We believe
that this approach is the best tradeoff, given the behavior of
the JavaScript programs that we have found; however, more
experiments are necessary to confirm this hypothesis.
Software: our code, plus all the data that we have used in
this paper is available at our repository 2.
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