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Abstract

This paper proposes a method of cooperation be-
tween the dynamic optimization technique and simul-
taneous multi-threading (SMT) architecture. Recent
studies on dynamic optimization reveal that it has a
large potential for itmproving processor performance.
This is because every program running on the proces-
sor can be optimized using profile information gath-
ered on-the-fly, which is unavailable to compilers. On
the other hand, the shipping of SMT processors are be-
gining. They maintain several contexts stmultaneously
and improve the effictency of their hardware resources.
Thus, secondly threads exploit idle hardware resources
which the primary thread cannot use. The dynamic
optimization technique also benefits from SMT, since
any overheads caused by the optimization are miti-
gated. This paper introduces a combination of dy-
namic optimization and SMT, and shows preliminary
evaluation results.

1 Introduction

In order to extract more instruction level paral-
lelism (ILP), modern microprocessors rely on specu-
lative execution or multi-path execution techniques.
One of their drawbacks 1s that they execute useless in-
structions. Thus, they are justified only under the con-
dition where a number of functional units are idle. Ac-
tually, these techniques have so far contributed to pro-
cessor performance. However, deep speculation will
fall in diminishing return as instruction issue width
increases, since most of the instructions injected to
the execution core might be worthless.

These considerations lead us to explore a new way
to extract beneficial instructions. Idle functional units
are efficiently utilized by multi-threading. An applica-
tion and an optimizer are executed simultaneously on
a multi-threaded processor. The optimizer improves
performance of the application on-the-fly. We call this
technique CONcurrent Dynamic OptimizeR (CON-
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DOR) [17,22]. Note that we will not claim that the
total amount of ILP is increased by multi-threading.
Instead, more ILP is extracted from the single appli-
cation due to the dynamic optimization. This execu-
tion model is similar to simultaneous multi-threading
(SMT) [20]. In addition, the shipping of SMT pro-
cessors are begining [11]. Therefore, we investigate an
architecture utilizing CONDOR on the top of the SM'T
processor, which we call the COSMOS processor.

2 COSMOS Processor

As explained above, the COSMOS processor 1is
based on the SMT processor. It is important to con-
sider the impact of hardware complexity on proces-
sor cycle time, since the SMT processor 1s basically a
large-scale superscalar processor. In order to solve the
problem, investigations have been widely performed
in which the large processor is split into a number
of smaller processing elements (PEs). Two candidate
implementations are available for this purpose.

e On-chip multi-processor
e Clustered superscalar processor

The on-chip multi-processor consists of a number of
independent processors, each of which is a PE. We
are currently investigating the implementation of the
COSMOS processor as a clustered superscalar proces-
sor. Figure 1 shows the block diagram of the COS-
MOS processor, which consists of one instruction sup-
ply mechanism and two instruction execution mech-
anisms (clusters). The number of the clusters is not
necessarily two. Interested readers can find more in-
formation in [19].

In this paper, we focus on Turbo cache, which is
a key structure for CONDOR. Turbo cache is an on-
chip SRAM and is mapped to a memory area which
is not visible to the base architecture. It is used for
the working area and for storing optimized binaries.
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Figure 1: COSMOS processor

Thus, the hardware-based Trace cache is replaced by
the software-based Turbo cache. In addition, cache
misses due to the interference between the optimized
application and the optimizer threads are removed.

3 Dynamic Optimization

The dynamic optimization technique is different
from the static optimization which compilers perform
in that it optimizes a binary when its corresponding
application program is executed [1]. Since the instruc-
tion set 1s maintained during the optimization, origi-
nally no special hardware i1s requested to support it.
In addition, dynamic optimization does not translate
input source code as in the manner of JIT compil-
ers, and does not require any annotations in the input
source code as in the manner of dynamic compilation
systems. Dynamic optimization is only one step in the
optimization process.

The dynamic optimization technique is effectively
applicable to program sequences which compilers have
difficulties in finding statically. For example, the dy-
namic technique makes it possible to optimize a binary
including dynamically-linked libraries (DLLs) beyond
procedure boundaries. Recent trends in advancing ob-
ject oriented programs and in software distributions in
the form of DLLs are favorable winds for dynamic op-
timization. Note that dynamic optimization will not
replace static optimization, but there is a complemen-
tary relationship between them.

The dynamic optimization technique can utilize
profile information gathered on-the-fly. Based on this
information, frequently executed instruction traces are
selected for optimization. It is expected that small
portions of whole program dominate its execution
time, and thus even optimizing only the small por-
tions contributes to total performance. During the
gathering of profiles, the program is interpreted by
the dynamic optimizer. Note that the instruction set
of interpretation 1s equivalent to the instruction set
of the target machine. The original program is main-
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tained unchangeably, and the processor transfers its
control flow to a region in memory space where the
optimized binary 1s stored.

Figure 2 explains dynamic optimization flow, which
consists of seven steps.

1. The optimizer interprets the original binary.
2. It gathers profile information on-the-fly.

3. According to the profile information, a frequently
executed trace is optimized. Meanwhile, execu-
tion of the original binary stops.

4. The optimizer resumes the execution after the op-
timization is completed.

5. When a branch to an optimized trace is detected,
the processor transfers its control flow to the op-
timized trace.

6. The processor executes the optimized binary.

7. When a branch to an unoptimized portion is de-
tected, the interpretation starts again.

4 Concurrent Dynamic Optimization
This section explains the CONDOR architecture.
Briefly, it combines the dynamic optimization tech-
nique and multi-threading, where an application pro-
gram and an optimizer are executed simultaneously.



4.1 Overview of CONDOR

On CONDOR, instructions concerning the applica-
tion and those concernning the optimizer are simul-
taneously issued to functional units. Functional units
which are idle when executing the application are uti-
lized for dynamically optimizing the application bi-
nary. It is found that desktop applications have a
thread level parallelism (TLP) of at most 1.5 [9], and
thus the SMT processor has enough contexts for CON-
DOR. CONDOR extracts more ILP from the opti-
mized binary. When the ILP of the original binary
is small, there are a number of idle functional units,
which are used for the dynamic optimization. Other-
wise, 1t 1s not necessary to optimize the binary.

Figure 3 shows the difference between the previ-
ously proposed dynamic optimization technique and
CONDOR. In this case, a loop is the candidate for
optimization. Figure 3(a) explains the previously pro-
posed technique, and (b) describes CONDOR. The
vertical axis denotes time. Each square corresponds
to an instruction. The original application program
consists of instructions 1,2,3..., and the optimiz-
ing program (or CONDOR) consists of instructions
A,B,C.... After optimization, the original applica-
tion becomes instructions 1°,27,37....

In the case of the previously proposed dynamic op-
timizer denoted as (a), the condition initiating the op-
timization is that a loop frequency is beyond a thresh-
old, for example 50 times. During optimization, the
application stops executing. After the optimization
is completed, the application again starts execution.
Since the period for the optimization is an overhead
for the application, it is important to decide which
portions of the application should be optimized. This
means that the threshold must be large.

In contrast, under the CONDOR architecture, the
application continues to be executed during its opti-
mization. Only idle functional units are used for the
optimization. When the optimization is completed,
the processor terminates the original binary and trans-
fers its control flow to the optimized one. Hence,
CONDOR is free from the overhead explained above.
Since the overhead is negligible, it is possible to make
the threshold for initiating the optimization relatively
small. In addition, if it is found during optimization
that the loop frequency is considerably small, the op-
timization can be discarded.

From the consideration above, 1t can be observed
that the CONDOR architecture efficiently reduces the
overheads for the dynamic optimization technique.

4.2 Profiling on CONDOR

As explained above, CONDOR utilizes profile in-
formation that has been dynamically gathered. Pre-
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Figure 3: Concurrent dynamic optimization

viously proposed dynamic optimizers have to obtain
control of an application program when it starts. That
18, executing the application is replaced by interpret-
ing the application by the optimizers. There are sev-
eral ways to achieve this [1].

1. Modify the kernel loader.
2. Use ptrace to attach to the application program.

3. Extend the program’s text segment in a separate
copy of the program executable file.

4. Use a special version of crt0.

In the CONDOR architecture, in contrast, profiling
is performed by helper threads. When every instruc-
tion that is a candidate for profiling is encountered, 1t
forks a helper thread. The helper thread is executed
on the SMT and gathers profile information of the as-
sociated instruction. Its profile information 1s kept in
the Turbo cache. Tt is under consideration whether
the helper thread will be triggered transparently by
hardware with the help of a run-time system or will
be statically generated as a fork instruction explicitly
by compilers. In the former case, CONDOR is an in-
dividual program, or a library. On the other hand, in
the latter case, CONDOR is a part of the application
program.

Dynamic profiling might be assisted by perfor-
mance counters. Modern processors have the perfor-
mance counters which collect information such as the
number of instructions and cache misses. Horowitz
et al. [10] propose a mechanism by which hardware is



able to inform software of cache misses. Such a mech-
anism can reduce the overheads caused by profiling. It
is also under consideration whether the performance
counter will be utilized for profiling.

4.3 Optimization on CONDOR

When a CONDOR thread is triggered, it updates
profile information and then checks the threshold for
initiating the optimization. As explained above, it is
possible to make the threshold relatively small since
the overhead for the initiation is negligible.

The concurrent dynamic optimization is performed
as described in Figure 4. It shows an example for
profiling branch instructions. When every branch in-
struction is encountered, a helper thread is initiated
in the manner of an exception handler [23] and an
optimization process is triggered if its threshold con-
dition is satisfied. The optimized binary is stored in
the Turbo cache as explained above.

If the optimized binary is already in the Turbo
cache when the helper thread is initiated, the control
moves to the Turbo cache. In parallel, the execution of
the original binary is squashed. Note that instructions
following the branch instruction which initiates the
helper thread are not retired until the helper thread
is completed. When the control moves to any region
which is not in the Turbo cache, the original binary re-
starts. The exchange of contexts between the original
and optimized binaries can be easily handled by the
synchronization mechanism implemented in the SMT
processor [21].

4.4 Applications of CONDOR

This section explores application fields where CON-
DOR is effective. CONDOR, is a general purpose in-
struction optimizer; hence, 1t can perform traditional
optimization processes as modern compilers do. In
addition, CONDOR, can perform aggressive optimiza-
tion based on profile information gathered on-the-fly
as follows:

e Branch prediction: Some branch instructions are
highly biased to one direction. Such branches can
be replaced by unconditional jumps or can be re-
moved completely. This improves the utilization
of branch prediction tables, increasing branch
prediction accuracy. In addition, if branches are
removed, basic block size is enlarged. These con-
tribute to the exploition of ILP.

e Prefetching: Based on profile information includ-
ing cache miss histories, only frequently missed
instructions can be selected for candidates of
prefetching. In addition, prefetchings are niti-
ated at the optimal point to hide miss penalties
since CONDOR knows memory access latencies.
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Figure 4: Execution flow of CONDOR

e Memory disambiguation: Serialization of a pro-

gram caused by ambiguous memory dependences
is one of the serious bottlenecks in modern su-
perscalar processors. It is difficult for compilers
to detect such dependences, especially pointer-
intensive ones. CONDOR, can easily detect them
dynamically, and can eliminate unnecessary seri-
alizations of store and load instructions.

Value prediction: CONDOR also contributes to
data speculation based on value prediction. It
is found that the efficiency of the value predic-
tion on legacy binaries is quite smaller than that
of the modern compiler optimization [18]. Thus,
any cooperation between the value prediction and

CONDOR is beneficial.

Instruction packing: In SPECint95 benchmark,
half of the instructions have operands of less than
16-bits [2]. Thus, in order to efficiently utilize
wide bitwidth functional units, the optimization
of packing such instructions into a single SIMD-
style instruction is useful. This is illustrated in
the following example. There is an instruction in
a loop, whose two operands are less than 16-bits
almost all the time. If an ALU is 64-bits wide,



four instructions can be packed into an instruc-
tions. In this case, CONDOR unrolls the loop
four times, and then four identical instructions
are replaced by a SIMD-style instruction. Since
the bitwidth of operands is not determined until
the instruction 1s encountered, compilers cannot
do this optimization.

e Multi-path execution: CONDOR improves the ef-
ficiency of multi-path execution. Based on pro-
file information, it can select branch instruc-
tions which cannot be predicted with high accu-
racy. These branches are converted dynamically
to predicated instructions.

e Dynamic thread partitioning: Krishnan et al.
have proposed software-based thread partition-
ing [13]. A single-threaded program is divided
statically into multiple threads. CONDOR ex-
tends this scheme to perform thread partitioning
dynamically with the help of the value prediction
explained above.

Note that all the aggressive optimizations described
above are not always applied to every application pro-
gram. If the helper threads are generated in compile
time, the compiler selects probably successful opti-
mizations and provides them to the application binary.

It is true that compilers can utilize static profile
information. However, dynamic profile information,
which compilers cannot utilize, is more effective than
static profile information due to the following reasons.

e Gathering profile information is tedious work for
programmers. Thus, if it is automatically ob-
tained when a program is in execution, program-
mers can use their time for other useful work.

e In the case of dynamic profiling, a training data
set and an actual data set are equivalent. There-
fore, significantly accurate profile information is
obtained.

5 Preliminary Evaluation

We now show preliminary evaluation results. As
explained in Section 4.4, some branch instructions are
highly biased to one direction. Such branches can be
replaced by unconditional jumps or can be removed
completely. This improves the utilization of branch
prediction tables, thus increasing branch prediction
accuracy. In addition, if branches are removed, ba-
sic block sizes are enlarged. These contribute to the
exploition of ILP. We evaluate this optimization on
175.vpr and 300.twolf from SPECint2000 bench-
mark. Note that this optimization is performed man-
ually using the SimpleScalar tool set [3] for Com-
paq/Alpha instruction set architecture. First, we
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Figure 6: Trace of 300.twolf

gather their execution trace and determine the hot
spots as shown in Figures 5 and 6. The horizontal and
vertical axes indicate the number of executed instruc-
tions and instruction addresses, respectively. Then,
We perform the optimization by hand using the pro-
file information. We look for ineffectual branch in-
structions, and 43 and 146 instructions are selected for
elimination in the cases of 175. vpr and 300. twolf, re-
spectively. This assumes that the hardware resources
available to dynamic optimization are unlimited. Fi-
nally, we evaluate the optimization using an out-of-
order execution 4-way superscalar processor, which
is the default configuration of the SimpleScalar pro-
cessor. The simulation results are presented in Ta-
ble 1. We can easily observe that 4.9M of dynamic
branches can be eliminated and thus performance is
improved by 7.41% for 175.vpr, and that 1.7TM of dy-
namic branches can be eliminated and thus perfor-



Table 1: Simulation results

| 7t of branches | 7t of cycles | ILP

175.vpr
Before 82,831,324 514,250,281 1.35
After 77,931,675 481,230,641 1.45
%Change -5.92% -6.42% +7.41%
300.twolf
Before 32,975,978 192,312,206 | 1.3455
After 31,269,524 177,390,682 | 1.4H87
%Changes -5.17% -7.76% +8.14%

mance is improved by 8.14% for 300.twolf. This con-
firms efficiency of the elimination of ineffectual branch
instructions via CONDOR.

6 Related Work

Dynamo [1], DAISY [7,8] and Code Morphing [12]
are based on software technology. DAISY translates
binary codes for an RISC machine into a VLIW ma-
chine. Similarly, Code Morphing processors translate
binaries for the x86 instruction set into those for a
VLIW instruction set. CONDOR does not change the
instruction set during optimization. DAISY and Code
Morphing gather profile information dynamically for
translation [8,12]. CONDOR also utilizes dynamic
profiling. One of the serious problems in DAISY is
the increased cache misses of the translated VLIW in-
structions [8]. On the other hand, CONDOR is free
from the problem since it keeps instruction set during
optimization.

Dynamo is a software optimizer and retains an in-
struction set during optimization. It also utilizes pro-
file information gathered dynamically. CONDOR, and
Dynamo share these characteristics. However, CON-
DOR differs from Dynamo in regard to the point at
which they initiate optimization. In the case of Dy-
namo, the application thread sleeps while it is opti-
mized. On the other hand, CONDOR allows the ap-
plication thread to continue during its optimization.
The helper threads of CONDOR are executed simul-
taneously with the application thread. Due to this
policy, it 1s important for Dynamo to reduce over-
heads caused by optimization. Thus, Dynamo is based
on a heuristic in which an optimization is initiated
after the corresponding trace appears more than 50
times. CONDOR is not constrained by the heuristic.
It observes resource utilization and thus can decide
efficiently when an optimization should be initiated.
Lastly, CONDOR differs from these proposals in that
it is supported by the SMT hardware, simplifying the
management of each thread.

Merten et al. [15] propose the support of dynamic

optimization using dedicated hardware which gathers
profile information on-the-fly. This partly alleviates
the drawbacks of the software-based dynamic opti-
mization, but it does not rely on SMT hardware.

The CONDOR, architecture proposed in this paper
is strongly based on SMT architecture [20]. Originally,
SMT was proposed to improve the throughput of pro-
cessor resources by executing multiple applications in
parallel. Thus, when only one application is executed
on the SMT processor, it is difficult to exploit TLP.
Following Tullsen et al., several extensions to SMT
have been proposed.

Chappel et al. investigate a way of improving
the performance of an application thread (a primary
thread) by allowing subordinate microthreads to sup-
port the primary thread [4]. They call this mechanism
Simultaneous Subordinate Microthreading (SSMT).
For example, subordinate microthreads can assist the
primary thread by prefetching data requested by the
primary thread. CONDOR is different from the SSMT
in the following ways. (1)SSMT requires a microcode
RAM which holds the microthreads. On the other
hand, CONDOR is placed on the main memory space.
(2)SSMT does not optimize the application thread.
In addition, 1t requires profile information in order
to insert instructions which initiate the microthreads.
CONDOR dynamically optimizes the application pro-
gram using profile information gathered on-the-fly.
Similar techniques in which the secondary threads as-
sist the primary thread for the sake of performance
improvement are studied in [5,6,14,16,24]. However,
none of them performs dynamic optimization.

7 Summary

This paper has introduced CONDOR architecture
which can extract more ILP by increasing beneficial
instructions. The key to this architecture lies in the
cooperation between hardware and software. An ap-
plication thread and helper threads which optimize
the application dynamically are executed simultane-
ously on an SMT processor. Idle functional units are
efficiently utilized and thus overheads caused by the
optimization can be eliminated. These characteristics
alleviates the drawbacks of the previously proposed
dynamic optimization techniques.
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