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Abstract

Optionally typed languages enable direct performance comparisons
between untyped and type annotated source code. We present a
comprehensive performance evaluation of two different JIT com-
pilers in the context of ActionScript, a production-quality option-
ally typed language. One JIT compiler is optimized for quick com-
pilation rather than JIT compiled code performance. The second
JIT compiler is a more aggressively optimizing compiler, perform-
ing both high-level and low-level optimizations.

We evaluate both JIT compilers directly on the same benchmark
suite, measuring their performance changes across fully typed, par-
tially typed, and untyped code. Such evaluations are especially rele-
vant to dynamically typed languages such as JavaScript, which are
currently evaluating the idea of adding optional type annotations.
We demonstrate that low-level optimizations rarely accelerate the
program enough to pay back the investment into performing them
in an optionally typed language. Our experiments and data demon-
strate that high-level optimizations are required to improve perfor-
mance by any significant amount.

Categories and Subject Descriptors D.3.4 [Programming Lan-
guages]: Processors - Compilers

General Terms Design, Languages, Performance

Keywords ActionScript, JavaScript, Type Speculation, Type In-
ference, Tamarin, Dynamic Compilation, Optionally Typed Lan-
guages

1. Introduction

Developing a high performance virtual machine for a dynamically
typed programming language is an open field of research. Dramatic
performance improvements in dynamically typed languages occur
because the virtual machines powering them speculatively compile
dynamically typed code as statically typed code using runtime pro-
filing mechanisms. Adding type information greatly improves the
runtime performance of a virtual machine. Once dynamically typed
code is approximated as statically typed code, well known static
compilation techniques can be applied to improve performance by
an even greater margin. However, two questions arise:
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1. What is the performance improvement as an application devel-
oper adds type annotations to their program?

2. Which compiler optimizations improve performance?

We investigate answering these questions with a comprehen-
sive performance evaluation of Tamarin, the virtual machine (VM)
shipping in Adobe’s Flash Player. Tamarin executes ActionScript
which, like JavaScript, is a dialect of ECMAScript. Optionally
typed languages, like ActionScript, enable language designers to
directly measure the performance impact of adding type annota-
tions to a dynamically typed language. We compare Tamarin’s per-
formance with two different JIT compilers, leaving all other mod-
ules in the VM unmodified. We compare NanoJIT, a compiler that
performs only a limited set of optimizations, with our new experi-
mental Type Enriched Static Single Assignment (TESSA) system,
a higher level and more aggressively optimizing JIT compiler that
uses LLVM as the back end for aggressive low-level optimizations.
We evaluate both JIT compilers across two different benchmark
suites, all modified to be fully type annotated, partially type anno-
tated, or untyped. First, our system enables us to determine how
much does adding type information to a program improve runtime
performance. Second, we evaluate the performance impact of an
aggressive optimizing compiler versus a JIT compiler that is de-
signed to compile quickly.

Our paper contributes the following:

e We present a comprehensive performance evaluation of two
benchmark suites when the source code is fully type annotated,
partially typed, and untyped. (Section ET)).

e We compare the performance of JIT compiled code gener-
ated by our aggressively optimizing compiler TESSA, with the
lightweight NanoJIT compiler across two benchmark suites in
all type configurations.

e We demonstrate that low-level optimizations from an aggres-
sively optimizing back end rarely produce significant perfor-
mance increases that justify their compilation time and high-
level optimizations are required for significant performance in-
creases. (Section E.3).

2. System Architecture

We implement and perform our evaluation on the open source
Tamarin virtual machine [[10], which currently ships in Adobe’s
Flash player. Tamarin executes ActionScript [1], a dialect of EC-
MAScript [€]. JavaScript is the most common dialect of EC-
MAScript. ActionScript builds upon ECMAScript, adding lan-
guage features such as optional static typing and classes. Most
JavaScript can be executed without modifications on Tamarin.



First, ActionScript source code is compiled into the Action-
Script bytecode (ABC) file, which is the conceptual equivalent of
a Java class file. Adobe’s Flex SDK [{] compiles ActionScript
source code into an ABC file.

Tamarin takes an ABC file as the input and begins execu-
tion from the global method via bytecode interpretation. When
a method is called, Tamarin generates machine code for Action-
Script methods via just-in-time (JIT) compilation. An ActionScript
method is JIT compiled just before its first invocation. Only the
global method is interpreted.

2.1 High and Low Level Optimizations

We define high and low optimizations by their conceptual semantic
level. A high level optimization is aware of both the runtime be-
havior of the program and the language semantics. High level con-
cepts include ActionScript types, such as arrays, objects and the
Any type. Our definition also requires knowledge of ActionScript
methods, which includes how to inline other ActionScript methods.

Low level optimizations are language agnostic because they do
not take into account the semantics of the language or the runtime
behavior of the running program. Low level optimizations also
express operations that are closer to the physical machine, such as
a memory location, or that an integer requires 4 bytes. Physical
register allocation, machine instruction scheduling, redundant load
and store elimination are examples of low level optimizations.

Consider the ActionScript Any type which can represent any
other ActionScript type. High-level optimizations such as type in-
ference and type speculation try to disambiguate and remove the
Any type wherever possible because they incur a large runtime
performance penalty. Low-level optimizations must define the Any
type as a machine type, such as a 32 bit signed integer with the bot-
tom three least significant bits as a type tag. Converting between
the Any type and another primitive machine type can occur with
bit manipulations. Optimizing the bit manipulations are low-level
optimizations. Removing the Any type completely is a high level
optimization.

2.2 ABC File Format

The Tamarin virtual machine is a stack machine that executes byte-
codes contained in the ABC. Each bytecode either pushes, pops, or
modifies values in one of two virtual stacks. The operand stack con-
tains values that are used as input operands for the bytecodes. The
scope stack contains objects that are used for property look up and
resolution. Local variable types are either the developer’s explic-
itly annotated type, or the Any type if no explicit type annotation is
given. Operand stack types, which represent temporary values, are
defined by the bytecode. All the available type information that is
presented in our evaluation originate from the ABC file.

2.3 NanoJIT Architecture

Adobe’s Flash and Mozilla’s Firefox web browser both use the
shared NanoJIT JIT [3J] compiler. NanoJIT compiles code ex-
tremely quickly, sacrificing code quality in exchange for a fast
startup and compilation time. It performs only a limited number of
optimizations. During JIT compilation, ABC bytecodes are trans-
lated into low-level intermediate representation (LIR) [31.
NanoJIT’s LIR models both the ActionScript operand and scope
stack. Each ActionScript bytecode is translated to a series of LIR
instructions that explicitly load or store values onto either stack.
LIR also contains type coercions for values as needed. For exam-
ple, calling an untyped method requires all arguments to be boxed
into the ActionScript Any type. The logic for complex type coer-
cions, such as Any to Integer, which must resolve the runtime
type of the input value, become calls to C++ methods. Building

LIR instructions instead of a C++ call requires too many LIR in-
structions.

In select performance critical cases, such as virtual dispatch
look up, NanoJIT does inline the fast path of a C++ runtime
method. The inlining is done manually and the VM developer must
hand create NanoJIT LIR to implement the equivalent C++ runtime
functionality. We detect and evaluate the performance critical cases
through a manual performance tuning process. NanoJIT does not
collect any runtime profiling information and does not inline any
ActionScript methods.

NanoJIT performs a limited number of optimizations during
LIR creation via a pipeline of filters [23]. Each filter examines
an incoming LIR instruction and performs a specific task. For
example, the common subexpression elimination (CSE) filter first
examines if the LIR instruction is pure and does not cause side
effects. Then, the filter looks for instructions that have the same
LIR opcode and are defined prior to the current instruction. If a
previously defined instruction contains equivalent operands as the
current instruction, the current LIR instruction is eliminated.

Another optimization pass through the LIR instructions elim-
inates redundant loads and stores. A linear scan register alloca-
tor [37] assigns each LIR instruction a physical machine register
or stack slot as needed. Finally, NanoJIT assembles machine in-
structions.

2.4 TESSA System Architecture

In order to perform high-level optimizations, we translate ABC
bytecodes into our TESSA IR. Each high-level optimization is im-
plemented with the visitor design pattern. Currently, we implement
type inference, ActionScript method inlining, and dead code elim-
ination. Once we perform all high-level TESSA optimizations, we
translate the TESSA IR into a low-level IR.

Once TESSA is lowered into a low-level IR, we perform low-
level optimizations such as instruction scheduling. The current
TESSA system implementation uses the LLVM intermediate rep-
resentation [4] (LLVM IR) as the target low-level IR. LLVM’s
back end chooses and performs all low-level optimizations. Finally,
LLVM’s back end generates machine code [32].

2.5 TESSA Intermediate Representation

Our Type Enriched Static Single Assignment (TESSA) IR is an
experimental high-level IR designed to enable more optimiza-
tions and expose more type information than NanoJIT’s LIR cur-
rently allows. Like previous well known virtual machine architec-
tures [14] [[18], which contain both high-level and low-level IRs,
TESSA is our high-level IR. We perform high-level optimizations
such as method inlining and type inference with this IR.

The TESSA IR uses SSA form [23], with the design of the in-
structions influenced by both LLVM and the Java HotSpot™ Client
Compiler [31]]. TESSA has two unique representations: a Value and
an Instruction. A Value represents an ActionScript value, but can-
not perform any operations. For example, all literal constants in
ActionScript source are represented as a Value.

An Instruction performs a specific operation using multiple
input Value operands, producing multiple output Values. Every
Value has a Type that represents a high-level ActionScript type. We
have a unique TESSA Instruction for each ABC bytecode that does
not push a constant onto the stack.

2.6 Architecture Comparison

Figure [l compares NanoJIT’s and TESSA’s architecture. NanoJIT
takes as input ABC files, translates ABC bytecodes into NanoJIT’s
LIR, and then quickly assembles machine code. The TESSA sys-
tem also takes the same input ABC file and creates TESSA IR. We
perform high-level optimizations with the TESSA IR, then lower
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Figure 1. Architecture comparison of NanoJIT and TESSA.

the TESSA IR into LLVM IR. The LLVM back end then performs
multiple low-level optimizations, finally assembling machine code.

We recognize the trade-offs required with each design. Nano-
JIT enables extremely fast compilation time while sacrificing per-
formance of the JIT compiled code. The TESSA system requires
more compilation time to produce faster JIT compiled code. The
TESSA system has more compilation overhead because optimiza-
tions are performed on both the TESSA IR and LLVM IR.

3. Implementation Details

We implement TESSA as the IR in the C++ Tamarin virtual ma-
chine. Each ABC bytecode corresponds to at least one TESSA in-
struction. Each TESSA Instruction inherits from a base Instruc-
tion class. Unique instructions such as a Binarylnstruction (used
for addition, subtraction, etc), contain pointers to their operands. A
method contains multiple basic blocks, with each block containing
a list of instructions. Each Value has a Type object associated with
it. Each type defined in the ActionScript language has a unique C++
Type object. For example, the Integer type represents a 32 bit
signed integer. The Any type is used when no type information is
available for a Value. The following section details how we imple-
ment some IR operations.

3.1 Method Inlining

We have two heuristics to determine if an ActionScript method is
inlined. First, the method must be short, having a bytecode length of
less than 40 bytes, which is roughly 20-25 ABC bytecodes. Second,
a method cannot inline more than four other methods to limit JIT
compiled code size.

We perform method inlining by including the TESSA IR of the
callee method into the caller. If a call has a virtual dispatch, we
inline the base class’ method. The inlined method is potentially
incorrect as the vtable look up resolves a different method. To solve
this, we insert a runtime check to ensure that the inlined method
is the correctly dispatched vtable look up method. If the inlined
method is not the correct method, we call the correct method
instead of executing the inlined method.
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Figure 2. A subset of the type lattice modeling the type system in
ActionScript. The Any type is the top of the lattice and the Unknown
type is the bottom of the lattice.
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We only inline a method if we can statically bind at least one
method at a given call site. The ActionScript language specification
states that the VM is allowed to statically bind a method name
if both the dispatched method and the receiver type are known at
compile time, which occur when the application programmer type
annotates the receiver object and wraps the dispatched method in
the ActionScript package keyword.

3.2 Type Inference

Our type inference algorithm relies on well-known type infer-
ence techniques [241(34]136] and is greatly influenced by Click et
al. [22]. We model type inference as an iterative data flow problem.
The current implementation only considers the inference of Ac-
tionScript primitive types. Furthermore, type inference is limited
to local variables. In particular, we do not infer types for function
parameters. Modeling the heap and global variables is future work.

Our type inference problem is encoded as a standard data flow
analysis. The goal of the analysis is to infer, where possible, more
precise types for local variables that are annotated with type Any.
We first initialize the output type of each instruction to the bottom
(L) of the type lattice (which is the most precise type, but unsound).

Next, we perform a standard forward iterative data-flow analysis
that stops once a fixed point is reached. We compute a new type for
the output of each instruction based on the type of its inputs. In par-
ticular, the instructions may be ActionScript primitive operations,
function calls, assignments, or ¢, among others. The types of the
inputs of an instruction must be subtypes of the expected types of
the inputs of that instruction. We monotonically move up the type
lattice, finding decreasingly precise types for the output of each in-
struction. The algorithm completes when the type of the output of
every instruction has not changed (we have reached a fixed point).
The inferred types are always sound. Furthermore, the algorithm
is guaranteed to terminate because the worst-case scenario is that
every instruction’s type becomes the Any type, which is the top (T)
of the type lattice.

Our algorithm is formally described with a type lattice. Figure[2l
demonstrates a subset of the ActionScript type system. The top (T)
of the type lattice is the least precise type, which represents the
ActionScript Any type. The bottom (L) of the type lattice is the
most precise type.

We assume that signatures for the ActionScript primitive op-
erators are available. Since operators may be overloaded, we as-
sume standard monotonicity conditions for their signatures: if
Ty,...,T,, — Tand Ty,..., T, — T’ are signatures for some
operator, then

1. There is also a signature of the form T4 NTY,...,T, NT,, —
T" for that operator;

2T CTY,..., T, CT. then T CT'.



ActionScript primitive operations satisfy these conditions. If af-
ter some iteration, the inferred types of the inputs of an Action-
Script primitive operation are Si,...,S, and there is a signa-
ture T1,...,T, — T for that operator such that Sy C T1, ...,
Sn C T,, then the inferred type of the output of the instruction
becomes 7'. The monotonicity conditions ensure that this choice
is deterministic, and the type of the output cannot decrease if the
types of the inputs increase. Likewise, if after some iteration, the
inferred types of the inputs of a ® are Si, ..., S, then the inferred
type of the output of the instruction becomes S1 U - -- U S,,.

Consider the ActionScript code for (var i = 0; i < 100;
i++). The ® for the variable i is and the addition of i++ are both
initialized to unknown (). The analysis reaches the & which has
an integer (const 0) as input and unknown. The union of the types
moves up the lattice from Unknown to Integer. Next, the addition
(i++) adds an integer (const 1) and integer (®), which results in a
number because we do not overflow check. Finally, we analyze the
® again, which has inputs integer and number, and we move the
type of the ® up the lattice to the number type.

We initialize all values to L because of loops and ¢ functions.
Because we iterate in forward order, we assign types to loop ®
functions before their uses. If we initialized all values to T, all uses
of the ® also resolve to T.

3.3 LLVM IR Generation

Once an ActionScript method is in the TESSA high-level IR, we
lower it to LLVM IR [4]. LLVM IR is designed to be platform inde-
pendent, extensible, and express different structural and primitive
types. LLVM IR is also in SSA form. Once we generate LLVM
IR from TESSA IR, LLVM’s back end performs its low-level opti-
mizations and generates machine code.

The LLVMIRGenerator iterates over each TESSA instruction,
performing a straightforward translation of the semantics of each
TESSA instruction into LLVM IR. For example, a TESSA Con-
ditionalBranch corresponds to a LLVM br instruction. Each basic
block in TESSA IR corresponds to a basic block in LLVM IR.

Our biggest challenge occurs in converting TESSA’s type sys-
tem to LLVM IR’s type system. All values in Tamarin must either
be a primitive type, (e.g., signed integer, double, object) or the Atom
type, which represents the abstract Any type.

In many cases, LLVM’s type system is more strict than TESSA’s
type system. For example, a TESSA boolean value must be repre-
sented as one bit in LLVM IR. LLVM’s type system also dictates
that booleans must only be compared with other booleans. Thus,
our implementation must implicitly convert primitive types. For
example, when comparing a TESSA integer with a floating point
value, we must convert the integer to the floating point type in
LLVM IR. We insert these internal LLVM conversions when merg-
ing TESSA types with LLVM primitive types.

Since LLVM does not have have an Any type, we have to emit
explicit coercions from LLVM types to the Atom type in LLVM IR.
The implicit type boxing and unboxing with the Atom type becomes
explicit in LLVM IR. An Atom type is defined as a 32 bit LLVM
signed integer, with the 3 least significant bits used as a type tag.
Coercing between the Atom type and other primitive types require
a call into a VM C++ method, such as doubleToAtom that coerces
a primitive double to an Atom type. In such cases, we emit a LLVM
call instruction to the VM C++ method.

3.4 Example Execution

This section gives a detailed example of actual runtime execution
of a small ActionScript program. Consider the ActionScript source
in table[3]and compiled ABC in table[Il ActionScript bytecodes are
instructions for a VM with a stack architecture, where instruction
operands are pushed onto and popped off an operand stack. Tamarin

var sum:Number
for (var i:int
sum += i;

Figure 3. The ActionScript source used in this example program
execution.

03
0; i < 100; i++) {

ID [ ABC Opcode | Local Variables [ Operand Stack |

0 pushint O [[A] [A]] int

1 convert_num [[A] [A]] Number
2 setlocall ($sum) [Number *[A]] empty

3 pushint O [Number *[A]] int

4 convert_int [Number *[A]] int

5 setlocal2 ($i) [Number int] empty

6 jump BB 11 Loop Body

7 getlocal2 ($i) [Number int] int

8 pushint 10 [Number int] int int

9 if less than, jump B11 | Loop Body

10 | return

11 | getlocall ($sum) [Number int] Number
12 | getlocal2 ($i) [Number int] Number int
13 | add [Number int] Number
14 | convert_num [Number int] Number
15 | setlocall ($sum) [Number int] empty
16 | getlocal2 ($i) [Number int] int

17 | increment_int [Number int] int

18 | convert_int [Number int] int

19 | setlocal2 ($i) [Number int] empty
20 | jumpBB7

Table 1. Example of Flex’s generated ABC bytecode given the
ActionScript source.

manages local variables by allocating dedicated slots where ref-
erences are loaded and stored to data objects. All values that are
stored into local variable slots or pushed onto the operand stack are
typed, with the any [A] type as the least precise type.

Consider the first ABC bytecode pushint 0 (id 0). The opcode
pushes a constant integer #0 onto the operand stack. The next ABC
bytecode convert_num (1), converts the top operand on the operand
stack into the ActionScript number type. Next, setlocall (2) pops
the top operand from the operand stack and stores it into local slot
1.

Control flow operations such as jump (6) and if less than 9
change program control flow to begin execution at a given ABC
bytecode location. Thus, jump instructions represent the end of a
basic block. The targets of control flow instructions, such as if less
than (9) represent the beginning of a basic block. The ABC verifier
ensures that the operand stack is consistent at all control flow merge
points.

34.1 Sample NanoJIT Execution

Table 2] demonstrates the final optimized NanoJIT LIR that is cre-
ated from the example ABC. A code generator analyzes each ABC
bytecode and generates a snippet of NanoJIT LIR. NanoJIT LIR
precisely models the ABC local variable array, scope stack, and
operand stack, including their type signatures. All three ABC data
structures are stack allocated in each JIT frame.

Consider the LIR instruction store_double (0),which repre-
sents the ABC bytecodes pushint (0), convert_num(1), setlocall(2).
The LIR instruction has the immediate O as an operand must store
the constant as a double, into local variable 1. We also see that the
same control flow graph represented by ABC is kept intact. Jump
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LIR Instruction

store_double locall = #0
store_int local2 = #0
j— B24

Comment |

jump loop header
loop body

=

1dd1 = load_double locall
1dil = load_int local2

i2d1 =i2d Idil

addd1 = addd 1dd1, i2d1
store_double locall = addd1
addil = addi 1dil, #1
store_integer local2 = addil
B24 loop header
10 1di2 = load_int local2
11 Itil =1ti 1di2, #10

12 jtltil — B14

int to double
double add

integer add

O| 0 | | K| W=D

int less than
jump true

Table 2. Example of NanoJIT’s generated LIR from the example
ABC bytecodes.

ID [ TESSA Instruction

1 ConstantValuelnstruction #0

2 ConvertInstruction (1) — number

3 ConstantValuelnstruction #0

4 UnconditionalBranch BB1

BB1 | Loop Header

5 Philnstruction [(BBO, 3), (BB2, 12)] (int)

6 Philnstruction [(BBO, 1), (BB2, 10)] (number)

7 ConstantValuelnstruction #100

8 ConditionInstruction LESS_.THAN 5 7 (boolean)
9 ConditionalBranchlnstruction 8 [BB2 , BB3]

BB2 | Loop Body

10 Binarylnstruction ADD 6 5 (number)
11 ConstantValuelnstruction #1

12 BinaryInstruction ADD 5 11 (int)

13 UnconditionalBranch BB1

BB3 | Return block

14 ConstantValuelnstruction Undefined
15 Return 14 (Any)

Table 3. Example of the TESSA IR for the ActionScript source
example.

instructions, such as j -> B24 (2), are block terminators at the
same program location as shown in ABC. NanoJIT does not sched-
ule or move instructions into different basic blocks.

Finally, since LIR is not in SSA, all ABC loads and stores also
exist in NanoJIT LIR. Values are not merged into a single value
using P instructions.

3.4.2 TESSA Execution

The same ActionScript source code in TESSA IR is shown in ta-
ble B Initially, each ActionScript basic block becomes one Ba-
sicBlock in TESSA IR. Because TESSA IR is in SSA form, we
have & instructions, which eliminates the explicit loads and stores
in ABC bytecode. Each ® contains a list of ( Block, Value ) pairs,
denoting the value of the ® depending on the incoming control flow
edge. Each TESSA instruction has a high level TESSA type, repre-
senting the primitive ActionScript types.

We lower TESSA IR into LLVM IR in a mostly one to one
translation, as shown in table[d. LLVM IR allows only typed opera-
tions, such as addition, whereas TESSA IR is higher level, allowing
typed and untyped additions. For example, fadd double performs a
floating point addition, requiring both operands to be floating point

[ ID | LLVM IR
%22 add 1320, 1
%23 sitofp 132 0 to double
%24 sitofp 132 0 to double
br label BB1
BB1 Loop Header
%25 ® 132 [0, %BBO], [%35, %BB2]
%26 $ double [%24, %BBO0], [%34, %BB2]
%28 icmp slt i32 %25, #100
bril %28, label %BB2, label %BB3
BB3
reti32 4
BB2 Loop Body
%33 sitofp 132 %25 to double
%34 fadd double %26, %33
%35 add 132 %25, 1
br label %BB1

Table 4. Example of the LLVM IR that is generated after lowering
TESSA IR.

operands. Thus, we insert the sirofp LLVM instruction, converting
a Signed Integer to Floating Point value. Finally, LLVM IR inlines
constants as an operand when available, such as instruction %35
add i32, %25, 1.

4. Evaluation

We evaluate the performance of JIT compiled code generated by
both NanoJIT and TESSA with the LLVM 2.8 back end. We first
examine pure performance with different amounts of type infor-
mation provided by the programmer. Next, we investigate LLVM’s
optimization configurations to determine the effect of low-level op-
timizations on performance. Finally, we characterize the overhead
associated with the TESSA approach versus NanoJIT. All evalu-
ations are performed Windows 7 x32, using an Intel Core 2 Duo
E8400 3.0 GHz processor with 4 GByte of memory.

4.1 Performance

We evaluate performance using both the SunSpider [91(SS) and V8
benchmark suite [13]. Both are originally JavaScript benchmark
suites designed to run in a web browser. Each benchmark suite is
run in multiple configurations:

1. NanoJIT: The unmodified product version of Tamarin.

2. TESSA Baseline: A straight translation from ABC to TESSA
IR, TESSA IR to LLVM IR, and LLVM IR to JIT compiled
code. No TESSA optimizations are performed. All LLVM op-
timizations are enabled.

3. TESSA Optimized: Method inlining is performed, followed by
type inference and then dead code elimination.

We evaluate the effect of both high-level and low-level opti-
mizations across fully typed, partially typed, and untyped code.
Fully typed code takes advantage of the optional manual type an-
notations available in ActionScript. We manually modified each
benchmark to include type annotations. Partially typed code con-
tains type annotations for method signatures, which include only
method parameters and the method return types, as well as heap
variables. All local variables remain untyped. Untyped code is un-
modified benchmark code.

Both benchmark suites run extremely quickly, with the whole
SunSpider benchmark executing in 500 ms on all modern browsers.
We are more interested in actual peak performance of JIT compiled
code, not compilation time. To accurately measure all three type



configurations, we manually modify each typed benchmark to have
a total execution time of 30 seconds with NanoJIT by wrapping
the benchmark in a loop. We then modify the partially typed and
untyped benchmarks to execute the same number of loop iterations
as the typed benchmarks. This allows us to test the impact of
any optimizations that both TESSA and LLVM have compared to
NanoJIT.

All benchmark graphs in the following sections are normalized
against NanoJIT on fully typed code. A value of 100% means
that the current benchmark and configuration executes as fast as
NanoJIT on typed code. A value less than 100% means that the
configuration is slower than NanoJIT. A value greater than 100%
means the configuration is faster than NanoJIT.

We do not have benchmark results for V8\earley -boyer and
the SunSpider benchmarks regexp-dna, date-format-xparb,
string-base64, string-tagcloud, and s3d-raytrace. V8
\earley -boyer has a known verifier bug that is fixed in the
shipping Tamarin virtual machine, but the fix is not yet ap-
plied in our research implementation. The SunSpider benchmarks
regexp-dna and string-base64 have known front end ASC
bugs that are fixed in the shipping Tamarin VM. The benchmarks
date-format-xparb and string -tagcloud use eval, which is
not supported in ActionScript.

4.1.1 Typed Code Performance

Figure @] demonstrates the performance of TESSA with LLVM’s
back end and NanoJIT on fully type annotated ActionScript source
code. The overall picture shows that despite the number of opti-
mizations LLVM performs over NanoJIT, very little actually im-
proves in terms of JIT compiled code performance. The geometric
mean demonstrates that TESSA is equal to NanoJIT and 4% faster
than NanoJIT with all TESSA optimizations enabled.

There are some clear cases where LLVM’s optimizations dra-
matically outperform NanoJIT, such as SS\s3d-cube and SS\
bitops -bitwise -and. However, in many cases, LLVM’s back
end generates slightly slower or equally fast code compared to
NanoJIT. Once higher-level optimizations are enabled, TESSA out-
performs NanoJIT. For example, V8\richards and V8\deltablue
outperform NanoJIT due to method inlining.

SS\bitops-bitwise-and contains the biggest performance
gain across all of the benchmarks, being 2.7x faster than NanoJIT.
However, we see performance is equal regardless of any higher-
level optimizations. TESSA outperforms NanoJIT because the
benchmark contains one loop that executes very frequently and
LLVM’s register allocator keeps loop variables in a register, thus
greatly increasing the performance. NanoJIT must load and store
both values on and off the stack during each iteration of the loop.

TESSA outperforms NanoJIT on V8\crypto by a large mar-
gin, with the gap becoming wider with type inference. The base-
line TESSA configuration outperforms NanoJIT not because of
LLVM, but because we inline the conversion of an ActionScript
floating point number to an integer instead of calling a C++ method.
TESSA’s type inference improves performance even more because
the crypto benchmark performs numerous computations, creating
many temporary values, before finally assigning a result to a local
variable. Our type inference algorithm determines the types of the
temporary values while NanoJIT does not.

Both V8\richards and V8\deltablue do not improve much
from LLVM’s optimizations, but do gain a considerable amount
of performance improvement because of method inlining. Both
benchmarks consist of many small methods, thus inlining those
small methods in hot loops removes the overhead of each call
instruction, gaining performance. The SunSpider benchmarks
s3d-cube, bitops-bits-in-byte, and access-nbody are the

only SunSpider benchmarks where LLVM’s lower-level optimiza-
tions outperform NanoJIT.

We report a few negative results too. In many cases, LLVM’s
back end actually performs worse than NanoJIT with SS\control
flow -recursive being the worst performing benchmark. Nano-
JIT outperforms LLVM because NanoJIT does common subexpres-
sion elimination on pure function calls. The recursive method calls
a C++ VM method to look up the definition of the recursive method
multiple times. NanoJIT eliminates these definition look ups while
LLVM does not. We will investigate ways to enable LLVM’s CSE
pass to eliminate pure VM C++ function calls as well.

Finally, we see that we lose performance when we enable
type inference on V8\splay, and the SunSpider benchmarks
access-nbody, math-cordic, math-partial-sums. In these
test cases, we are able to obtain a more precise type for a variable
than was declared. For example, an ActionScript variable that is
declared as a floating point number is actually only assigned un-
signed integer values. However, the variable is always compared to
a signed integer. To produce the correct value, we convert both the
signed integer and unsigned integer into a floating point type, using
a floating compare to compare the two values. This is legal because
both a signed and unsigned 32 bit integer value can fit into a 64 bit
value. The conversion is done in a hot loop and incurs the current
reduction in performance.

4.1.2 Partially Typed Code Performance

Figure [3] demonstrates the performance results for partially typed
code. Partially typed code has the same type annotations as fully
typed code, except that all function local variables are untyped.
Heap variables and method signatures still retain all their type
annotations. All benchmarks are normalized against NanoJIT on
typed performance. Using the geometric mean, NanoJIT is 51%,
TESSA 52%, and TESSA with all optimizations 30% slower than
NanoJIT on typed code. The overall picture is the same as typed
code performance. LLVM’s back end has roughly the same perfor-
mance as NanoJIT’s without any high-level optimizations. In some
cases, LLVM is much slower than NanoJIT.

Type inference enables us to approach fully typed code perfor-
mance without all the manual type annotations. We see significant
performance increases with type inference on the SS\bitops-bit
test cases because we narrow down the types of each variable into
a numeric type, but not necessarily the integer type. However, co-
ercing between a numeric type and integer type still outperforms
coercing between the any type and integer type. The same logic ap-
plies for the V8\crypto benchmark. Since the benchmark is com-
putation intensive, we determine that some variables are numeric
types, which results in a visible performance gain.

Other significant gains occur in the SunSpider s3d-morph,
s3d-cube, and access-fannkuch benchmarks due to type in-
ference in two critical areas. First, we determine that a few loop
variables are the integer type. Second, we determine that some de-
clared variables have the array type. Once we infer that a declared
variable is an array, and that an element in the array is being ac-
cessed by an integer, we optimize untyped code to produce array
access get and set code rather than a generic get and set property
code, achieving significant performance improvements.

V8\richards and V8\deltablue are the only benchmarks
that demonstrate performance gains because of method inlining and
type inference. The combination of both method inlining and type
inference enable up to 20% performance gains, demonstrating that
type inference through an inlined method produces some benefits.

We also see some neutral or negative results with partially typed
code. The SS\string benchmarks are constrained by the VM im-
plementation of strings. Most of the time spent in these bench-
marks stress string library code, not JIT compiled code. Therefore,
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Figure 4. With Fully typed code, both NanoJIT and TESSA without optimizations have equivalent geometric mean performance, although

the performance varies greatly between the benchmarks.

the performance of such benchmarks are not only equal across all
configurations, but also close to typed code. SS\access-nbody is
dominated by property look up code. Since we cannot early bind
the types of objects, and therefore resolve properties, the runtime
property look up overhead is the bottleneck, not JIT compiled code.
We actually lose performance with type inference in SS\ math
-cordic due to an increase in type information. In a hot loop, we
determine that one variable is a floating point numeric type. With-
out type inference, the variable remains the Any type. However, the
code within the loop changes from a comparison between two Any
types, to a Any type and a Numeric type. This change forces us to
box the numeric type into the Any type and perform the comparison
with two Any types in every loop iteration. The resulting operation
is more expensive than actually leaving one of the variables un-
typed. We need to develop some heuristics to detect and eliminate
these performance reducing cases. Overall, we see that LLVM’s
low-level optimizations produce JIT compiled code that is compa-
rable to NanoJIT. We are able to achieve significant performance
improvements with only type inference and method inlining.

4.1.3 Untyped Code Performance

Figure [6] demonstrates the performance results for untyped code.
Using the geometric mean, NanoJIT is 61%, TESSA 62%, and
TESSA with all optimizations 53% slower than NanoJIT on typed
code. Overall, the same theme applies: LLVM has equal or lower
performance than NanoJIT. We also see that the general perfor-
mance gains and losses occur on the same benchmarks as partially
typed code.

TESSA performs well with type inference on the SS\bitops
benchmarks, as well as the SS\s3d benchmarks for the same rea-
sons as partially typed code. With bitops, we are able to deter-
mine the type of key variables in the loops. With the SS\s3d and
SS\access-fannkuch benchmarks, we determine the types of key
local variables are integers and arrays, optimizing array access. Fi-
nally, TESSA with type inference gains significantly on crypto-aes
because the benchmark accesses many arrays in loops. We are able
to prove that a variable is an array, and that the index being accessed
is an integer, resulting in the performance increase. We also see that
we lose performance with type inference on SS\access-nsieve.
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Figure 5. Partially typed code shows a performance degradation compared to fully typed code. However, type inference makes significant

performance improvements.

We believe this is due to a bug in our type inference algorithm and
will investigate this further.

However, we no longer have any performance gains on any of
the V8 benchmark for two reasons. First, we cannot inline any
methods as each method is dynamically bound by name at each
call site. Because we cannot statically bind any method, inlining
is not possible. Second, most variables are either global variables
or properties on objects and exist in the heap. We do not currently
propagate types through the heap and limit our algorithm to local
variables in a method.

The untyped code performance illustrates the key point. Low-
level optimizations do not produce significant performance advan-
tages and type speculation is required to have untyped code perfor-
mance approach typed performance. In simple cases, we are able
to achieve 80% of typed performance with only type inference,
but any complex program has significant performance degradation
without a VM that supports type speculation.

4.2 LLVM Optimization Levels

LLVM has four different optimization levels that enable certain op-
timizations. The four levels roughly correlate to GCC’s -O (Opti-

mization) flag. LLVM’s four flags are: NONE (~ -00), LESS (~
-O1), DEFAULT (~ -02), and AGGRESSIVE (~ -03). NONE op-
timizations create excessive loads and stores, with the only opti-
mization being some amount of intelligent register allocation. The
LESS setting performs optimizations that do not require any speed
or space trade offs. The DEFAULT setting performs more aggres-
sive instruction scheduling and a few other optimizations, but still
do not require any speed or space trade offs. AGGRESSIVE turns
on expensive optimizations and trades space for time.

The results for each benchmark with each LLVM optimiza-
tion level are shown in Figure [7l Each data point is compared to
LLVM’s NONE optimization level. As expected, we see the over-
all JIT compiled performance increases as we enable more LLVM
optimizations. However, the performance increases of low-level op-
timizations quickly taper off after the LESS level. Because we need
to balance compilation time with runtime, the LESS optimization
level was appropriate in our evaluation.

4.3 Startup Time

We define startup time as the amount of time required to initial-
ize LLVM’s subsystems. We measure LLVM’s initialization time
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Figure 6. Untyped code performance. The same theme applies as in partially typed and fully typed code. Low-level optimizations provide

little performance improvement.

with the Windows QueryPerformanceCounter API and take the
average of ten measurements. LLVM’s back end takes on average
of 514 microseconds to startup and is negligible compared to our
compilation and execution times.

44 Compilation Time

We must examine how much compilation time our architecture re-
quires compared to NanoJIT. Compilation time is defined as the
total amount of time to translate ABC into TESSA, then TESSA to
LLVM IR, and LLVM IR assembled to machine code. This defini-
tion of compilation time also includes the time LLVM requires to
optimize LLVM IR and assemble machine code.

We use the WIN32 API QueryPerformanceCounter to re-
trieve the value of a high resolution performance counter. We then
measure the compilation time ten times and calculate the mean.
Startup time is disregarded as a factor in our compilation time mea-
surements because NanoJIT and LLVM have equal startup times.

Figure [8] shows the compilation time results of our TESSA
architecture versus NanoJIT. The left bar illustrates the compila-
tion time of a basic TESSA configuration and LLVM’s back end.
TESSA includes time creating TESSA IR from ABC and lower-

ing TESSA IR into LLVM IR. LLVM compilation time consists of
optimizing LLVM IR and generating machine code. TESSA opti-
mized and LLVM optimized measures both TESSA optimization
time and LLVM’s back end compilation time.

We see that our whole architecture has a significant impact on
compilation time, being up to 52X slower than NanoJIT. Some of
this is expected due to the fact that both TESSA and LLVM are
heavily object oriented programs while NanoJIT has been tuned
to compile fast. We also see that up to 80% of the total compi-
lation time is spent in LLVM and not in TESSA. In cases such
as richards, LLVM spends more time compiling with TESSA op-
timized because more TESSA IR is created due to method inlin-
ing. However when looking at the absolute time, the compilation
time with TESSA is still acceptable because NanoJIT compiles ex-
tremely fast. The fastest benchmark, richards, requires 0.035 sec-
onds of execution time on NanoJIT and 0.111 seconds with LLVM.

While RegExp has the longest compilation time, the benchmark
stresses VM regular expression library code and spends little exe-
cution time in JIT compiled code. Therefore, presenting an abso-
lute time for the RegExp benchmark makes little sense as execu-
tion time dwarfs compilation time. The second longest compiling
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Figure 8. Across all benchmarks, LLVM spends significantly
more time during the compilation phase than NanoJIT.

benchmark, Crypto, needs 0.078 seconds of execution time with
NanoJIT and 0.577 seconds with LLVM.

4.5 Discussion

The data forces us to conclude that Tamarin is reaching a perfor-
mance wall with fully typed JIT compiled code because both high-
level and low-level optimizations do not greatly improve perfor-
mance. Other parts of the virtual machine must be improved un-
til JIT compiled code becomes the limiting factor for performance.
Fully typed code also demonstrates that the low-level optimizations
LLVM provides rarely accelerate the performance of JIT compiled
code enough to warrant the compilation time required to perform
the optimizations. Improving performance requires high-level opti-
mizations. The data shows that type inference provides the biggest
impact, followed by method inlining, then dead code elimination.

Untyped code shows dramatic performance decreases with both
JIT compilers, with the most spectacular result being SS\math
-spectral-norm, being more than 90% slower than the same
benchmark on typed code. Overall, both NanoJIT and TESSA with
only low-level optimizations are half as fast as typed code. High-
level optimizations help mitigate the problem. However, perfor-
mance still degrades considerably due to the lack of type informa-
tion.

Garret et al. [27] demonstrates that most programs contain vari-
ables that do not change their type, or are type stable. A well known
compilation strategy is to speculate the type of each variable based
on runtime feedback, compiling the method as typed code rather
than untyped code. In our case, speculating on untyped code with
the information provided by runtime feedback doubles the speed of
Flash. In select cases, such as untyped bitops-bitwise-and, specu-
lation improves performance by over 10X. Untyped code requires
speculative compilation to increase performance.

Partially typed code fills a niche in a compilation scheme. Fully
typed code still outperforms both untyped and partially typed code
by a wide margin. Untyped code and dynamically typed languages
are popular for their flexibility, quickly enabling developers to pro-
totype new features for their programs. However, developers must
face significant performance degradation until they are willing to
add type annotations to current code. Optionally typed code is a
flexible middle way that shows considerable performance improve-
ments over untyped code, allowing developers to add type annota-
tions over time. In many cases, partially typed code with type in-
ference delivers performance comparable to fully typed code.

In the worst case scenario, speculative untyped code has too
many assumptions, greatly reducing any performance improvement
because of time spent recovering from false assumptions. Partially
typed code fits in the compilation scheme as a medium performance
option in cases where a method compiled with type inference is fast
enough. Another possibility is to use stable runtime type informa-
tion, or variables that do not change their type in speculated code,
and automatically achieve partially typed performance without the
penalty of incorrect speculations.

Overall, the data shows which optimizations are beneficial for
ActionScript and other dynamic languages. We have to implement
speculative code execution for untyped code, and in the worst case,
default to partially typed code with type inference to reduce the
penalty of false speculation. Agesen et al. [I7] has previously
demonstrated that type inference and runtime type feedback are
complementary techniques. In addition, NanoJIT performs most of
the optimizations required. NanoJIT needs a better register alloca-
tor and a type inference optimization pass, which will be imple-
mented in future work.

5. Related Work

The JavaScript VMs shipping in current web browsers are closely
related to Tamarin. Mozilla’s TraceMonkey [26] uses a novel trace
compilation technique that finds and type specializes “hot” code
paths. Apple’s Nitro [11] contains a highly optimized JIT and uses
with great success previous research on type specializing code.
Google’s V8 [14] mimics a static language based on run-time
type information and applies static code compilation techniques to
create a fast JIT compiler. All three VMs tune performance based
on runtime profiling information. In addition, there are proposals to
add optional type annotations to JavaScript [[4], thereby improving
JIT compiled code performance in those virtual machines.

ActionScript, like many other languages, contain optional type
annotations to reduce the dynamic nature of the language. There
are two sides of the spectrum: adding dynamic capabilities to stat-
ically typed languages or adding type information to dynamic lan-
guages. C#, a statically typed language, introduces the dynamic
keyword [2] that enables variables to bypass static type checking.
Scala [39] is statically typed language without explicit type anno-
tations and infers types based on their usage. Abadi et al. [16] ex-
plores the implication of adding the dynamic keyword to a statically
typed language.

The other method to approach the problem is to improve the
type system of the language itself either by creating a new type
system or adding manual annotations. Both Thiemann [43] and



Anderson et al. [19] propose a type system for a subset of the
JavaScript language. Anderson also contributes a type inference
algorithm for their subset of JavaScript. Typed Scheme [43] is a
dialect of PLT scheme that requires programmers to type annotate
scheme programs. ActionScript approaches the problem by adding
static type annotations to a dynamic language.

Recent research has tried to create a combined type system
that incorporates both dynamic and static type systems. Siek et
al. proposes gradual types [38][39][40], which provides many of
the benefits of static typing for the portions of the program that
are typed. Untyped portions of the program must contain runtime
type checks. When untyped code interacts with typed code, the un-
typed code is implicitly coerced into the declared type when safe.
Tobin-Hochstadt et al. [44] introduces the notion of blame, where
untyped code is blamed for program errors or blamed for perfor-
mance degradation. We currently implement implicit type coer-
cions for primitive ActionScript types only. Thatte proposes quasi
static typing [41]. Bracha [20] proposes a pluggable type system,
where multiple different type systems coexist. Previous work pro-
vides the theory and foundational principles behind our work. We
contribute a performance evaluation of the same benchmark across
typed, untyped, and partially typed code, demonstrating the viabil-
ity and performance implications of a language with a hybrid type
system.

Type inference has previously been used with great success in
a variety of languages. Hindley-Milner [24][34] proposes a type
inference algorithm, which lays the groundwork for many other
type inference algorithms. Thatte introduces type inference with
partial types [42], Gronski et al. [28] proposes hybrid checking,
and Palsberg et al. [36] for object oriented languages. Click et
al. [22], proposes an optimistic constant propagation algorithm that
starts optimistically and recovers from false assumptions. Our type
inference algorithm is greatly influenced by this work, as we also
start type inference optimistically rather than pessimistically. How
we finally evaluate and solve the type equations for each instruction
are guided by these previous type inference algorithms.

Using runtime feedback and speculation to improve the perfor-
mance of JIT compiled code, such as type specializing untyped
code, significantly improves the performance of dynamically typed
languages. Chambers et al. [21] introduces the idea of customiza-
tion in SELF, where each method is compiled specifically based
on the type signature of each method. Hozle et al. proposes both
polymorphic inline caches [29] and runtime feedback [30] to im-
prove the performance of SELF code. Both techniques are specu-
lative optimizations that improve untyped code performance. Our
evaluation enables us to measure the upper bound of performance
with speculatively typed code. Agesen et al. [17] also compares the
performance of using type inference versus runtime type feedback,
which guides our compilation heuristics when evaluating the per-
formance of partially typed code.

Previous research demonstrates the effect of compiler optimiza-
tions in different contexts. Lee et al. [33] shows that few compiler
optimizations increase performance in Java, a statically typed lan-
guage. Unladen Swallow [[12] is a Python virtual machine which
uses LLVM as a backend JIT compiler replacement. In late 2010,
Kleckner [13] demonstrated many of the same issues in Unladen
Swallow. Dynamically typed languages require high-level knowl-
edge of the program to increase JIT compiled code performance.

6. Conclusions and Future Work

We present a comprehensive performance evaluation of two differ-
ent JIT compilers across three different type configurations with
the same benchmarks. The data supports our conclusion that ag-
gressive low-level optimizations do not significantly increase the
performance of JIT compiled code. As we see with LLVM’s op-

timization levels, and a comparison with NanoJIT, it is sufficient
that a JIT compiler performs only a few select low-level optimiza-
tions. High impact performance gains only occur due to high-level
optimizations such as method inlining and type inference.

Our future work looks to combine partially typed code with
type inference as one compilation technique in our overall com-
pilation strategy. We will use partial typing with type inference in
combination with type speculation and runtime feedback to greatly
improve the performance of untyped code. We will take our type
inference algorithm and implement it in NanoJIT and continue to
refine the algorithm to infer subtypes. We believe both type infer-
ence and runtime feedback are complimentary and will incorporate
both techniques into the Tamarin VM.
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