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The practice of using speculation in resolving data dependences based on value pre-
diction has been studied as a means of extracting more instruction level parallelism.
There are many studies on value prediction mechanisms with high predictabilities. How-
ever, to the best of our knowledge, the influence of compiler optimizations on value pre-
diction has not been investigated. In this paper, we evaluate the efficiency of value pre-
diction on several binaries, which are compiled with different optimization levels. De-
tailed simulations reveal that value prediction is still effective for highly optimized bina-
ries.
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1. INTRODUCTION

In order to improve performance, modern microprocessors rely on exploiting in-
struction level parallelism (ILP). However, ILP is limited by dependences between in-
structions. They are classified into three classes − control, name, and data dependences.
Many studies have attempted to reduce control and name dependences, but data depend-
ence remains a major bottleneck limiting ILP. Data speculation based on value prediction
is a technique that addresses this problem by resolving data dependences speculatively.
An outcome of an instruction is predicted by means of value predictors [6, 10]. The in-
struction and its dependent ones can be executed simultaneously, thereby exploiting ILP
aggressively. Early works on value prediction mechanisms mainly considered hardware
structures, and only their predictabilities and hardware costs were investigated. However,
it is obvious that the characteristics of program binaries affect value predictability; thus,
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it is not sufficient to study only hardware construction. For example, one might expect
that sophisticated optimizations obviate value prediction. If we have both a legacy binary
and its source code, we would like to know which is better to use the legacy binary with
hardware-based optimization like value prediction or to re-compile the source code using
up-to-date compilers. Based on these considerations, in this paper, we evaluate the
relationship between compiler optimization levels and the efficiency of value prediction.

The organization of the rest of this paper is as follows. Section 2 surveys related
works. Section 3 describes our evaluation methodology. Section 4 contains simulation
results. Finally, section 5 presents our conclusions.

2. RELATED WORK

Data Speculation [6, 8-10, 14] is a technique which executes instructions specula-
tively using predicted data values. Data dependences are speculatively resolved; thus, ILP
is increased. Many studies have proposed value prediction mechanisms, some of which
achieve prediction accuracy as high as 80%, such as 2-level [24] and context-based [20]
predictors. In order to improve prediction accuracy, several hybrid predictors [11, 13, 24]
have been proposed. A hybrid predictor is a combination of several value predictors with
a selector choosing the most probably accurate one. Another approach to improving value
prediction accuracy is using program execution profiles [3, 7, 15]. Using profiles, in-
structions are classified according to predictability, and a compiler provides the classified
information to processors.

Achieving high prediction accuracy requires a considerable hardware cost. Moran-
cho et al. [11], Rychlik et al. [13], and Calder et al. [4] examined capacity constraints of
value predictors. Morancho et al. [11] and Rychlik et al. [13] proposed to reduce the
hardware cost by classifying instructions based on their value predictability. Instructions
which are easily predicted use simpler predictors, such as last-value and stride predictors,
whose hardware cost is low. High-cost predictors, such as the 2-level, the hybrid, and the
context-based predictors are used only for hard-to-predict instructions. Calder et al. [4]
proposed to filter instructions based on their criticality. Only instructions on critical paths
were held in a value predictor, thus reducing the number of entries of the predictor. Re-
cently, we examined a technique that reduces the hardware cost by exploiting narrow
width values [16] and partial resolution [17]. Across SPEC programs, over 50% of the
integer operands are 16 bit or less [1]. That is, high-order bits of value prediction tables
are merely utilized. Therefore, we proposed to keep only low-order bits of data values in
the tables to reduce their hardware cost. The tag array size can be reduced by employing
partial resolution and using fewer tag address bits than necessary to uniquely identify
every instruction. Full resolution of value predictors is not necessary since they do not
have to be correct all the time. On the other hand, Fu et al. [5] and Tullsen et al. [23]
proposed to remove value prediction hardware completely with the aid of compiler man-
agement of values in registers.

However, to the best of our knowledge, the influence of compiler optimizations on
value prediction has been neglected by researchers. Recently, we have evaluated the rela-
tionship between compiler optimization levels and value predictability, and found that
there are meaningful value predictabilities in highly optimized binaries [22]. This paper
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extends our previous study and we evaluate the efficiency of value prediction on a variety
of binaries compiled with different optimization levels and its contribution to processor
performance.

3. EVALUATION METHODOLOGY

In this section, we describe our evaluation methodology by explaining the processor
model and binaries used in this study.

3.1 Processor Model

We model an 8-way out-of-order execution superscalar processor based on a register
update unit (RUU)[21], that has 128 entries. Each functional unit can execute any opera-
tion. The latency for execution is 1 cycle except in the case of multiplication (4 cycles)
and division (12 cycles). A 4-port, non-blocking, 128KB, 32B block, 2-way
set-associative L1 data cache is used for data supply. It has a load latency of 1 cycle after
the data address is calculated and a miss latency of 6 cycles. It has a backup consisting of
an 8MB, 64B block, direct-mapped L2 cache, which has a miss latency of 18 cycles for
the first word plus 2 cycles for each additional word. No memory operation can execute
that follows a store whose data address is unknown. A 128KB, 32B block, 2-way
set-associative L1 instruction cache is used for instruction supply and also has a backup
consisting of an L2 cache that is shared with an L1 data cache. For control prediction, a
1K-entry 4-way set associative branch target buffer, a 4K-entry gshare-type 2-level adap-
tive branch predictor, and an 8-entry return address stack are used. The branch predictor
is updated at the instruction commit stage.

In this paper, we investigate two value prediction mechanisms − last-value predictor
[10] and a hybrid predictor consisting of the stride and the 2-level predictors [24]. We use
direct-mapped tables for these predictors. The former represents simple predictors and the
latter does complex ones. The configuration of the hybrid predictor is based on [24].
When a misspeculation occurs, it is necessary to revert processor state to a safe point
where the speculation is initiated. We use an instruction reissue mechanism [19], which
selectively flushes and reissues misspeculated instructions.

We use two types of simulators for this study. One is a functional simulator for
counting value predictability and the other is a timing simulator for evaluating processor
performance. We implemented the simulators using the SimpleScalar tool set
(ver.3.0a)[2]. The SimpleScalar/PISA instruction set architecture (ISA) is based on MIPS
ISA.

3.2 Benchmark Binaries

The binaries evaluated in this study are distributed by the University of Michigan.
They were compiled by GNU GCC (version 2.7.2.3) and MIRV [12]. For each compiler,
three optimization levels, -O0, -O1, and -O2, were performed. Due to the limit of space,
the detail of each optimization is not described in this paper. Please refer [12]. Seven
programs from eight SPEC95 CINT benchmarks were used for this study. The input files
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were modified so that the evaluation time would be practical. Each program is executed
to completion. The candidate instructions predicted by the value predictors were regis-
ter-writing ones, and did not include branch and store instructions. Tables 1 and 2 present
the total number of instructions executed and that of instructions touched to predicted (in
brackets) for every optimization level in the cases of GCC and MIRV respectively. Please
note that the numbers are equivalent for the last-value and the hybrid predictors since we
counted them using a functional simulator. In general, MIRV -O0 executed considerably
fewer instructions than GCC -O0 because MIRV has graph coloring allocation and copy
propagation in -O0 while GCC has no register allocation in -O0 [12]. For the remaining
optimization levels, the two compilers produced almost equal results.

Table 1. Dynamic instruction count (GCC).

program -O0 -O1 -O2

099.go 268,225,895 (223,777,492) 146,032,803 (115,9999,78) 134,766,291 (104,239,257)

124.m88ksim 215,027,498 (155,551,958) 124,461,169 (86,167,274) 119,705,428 (81,391,241)

126.gcc 146,724,176 (100,785,825) 105,315,933 (69,649,020) 103,357,196 (67,359,249)

129.compress 77,092,827 (54,636,345) 48,821,478 (32,717,148) 47,719,938 (31,615,607)

130.li 307,778,502 (185,680,534) 208,780,589 (123,022,538) 206,414,110 (121,247,791)

132.ijpeg 18,082,420 (14,009,018) 8,831,646 (6.490,266) 8,606,970 (6,255,132)

134.perl 12,166,065 (7,775,114) 10,641,524 (6,611,315) 10,645,288 (6,607,758)

Table 2. Dynamic instruction count (MIRV).

program -O0 -O1 -O2

099.go 179,701,392 (142,959,132) 131,900,827 (98,921,730) 132,506,520 (99,186,262)

124.m88ksim 184,814,315 (130,030,485) 122,977,073 (82,888,272) 123,766,329 (85,244,701)

126.gcc 140,356,442 (96,215,914) 115,904,906 (75,804,673) 115,334,584 (86,961,482)

129.compress 69,108,399 (48,019,527) 49,210,033 (32,525,461) 47,700,633 (31,587,802)

130.li 270,793,655 (161,858,905) 207,709,666 (121,168,612) 207,705,881 (121,167,937)

132.ijpeg 12,045,397 (8,705,739) 9,751,916 (7,033,935) 9,995,242 (7,282,418)

134.perl 12,574,740 (8,233,448) 10,489,957 (6,644,109) 10,510,075 (6,660,903)

4. SIMULATION RESULTS

In this section, we present simulation results [18, 22]. We define predictability as the
number of instructions that are (correctly and incorrectly) predicted by a value predictor
over the total number of register-writing instructions. Prediction coverage is defined as
the number of instructions correctly predicted over the total number of register-writing
instructions. Prediction accuracy is the percentage of instructions correctly predicted out
of all the predicted instructions. Therefore, we have the following equation;

(Prediction coverage) = (Predictability) * (Prediction accuracy).

It has been found that the dominant factor in performance improvement is not pre-
diction accuracy but prediction coverage [19, 23]. Therefore, we used predictability and
prediction coverage as metrics for evaluation. After that, processor performance was
evaluated.
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4.1 Predictability

Fig. 1(i) shows simulation results obtained when the last-value predictor was util-
ized on GCC binaries. The horizontal and vertical axes denote the optimization levels and
the percentage, respectively. Each bar, divided into two parts, indicates the predictability
and the prediction coverage. The lower part (black) indicates the percentage of the in-
structions whose data value is correctly predicted. The upper part (gray) indicates the
percentage that is mispredicted. That is, the lower part is the prediction coverage and the
sum of the two parts is the predictability. For each group, bars from left to right indicate
the results obtained when the value predictor had 1024-, 2048-, 4096-, and 8192-entry
tables, respectively. We can find the following. First, in the case of 129.compress, both
the predictability and the prediction coverage were considerably reduced when the opti-
mization level changed from -O0 to -O1. This might mean that relatively high optimiza-
tions obviate the value prediction. Second, different from the previous observation, both
the predictability and the prediction coverage were slightly improved as the optimization
level became higher for the remaining programs. This denies the first investigation. Third,
the efficiency of the value prediction changed little when the optimization level changed.
Therefore, we can confirm that the conservative last-value predictor is effective for
highly optimized binaries.

(i) Last-value. (ii) Hybrid.

Fig. 1. % Value predictability (GCC).

Fig. 1(ii) shows simulation results obtained when the hybrid predictor was utilized
on GCC binaries. The characteristics similar to those of the last-value predictor case was
observed. However, two programs should be mentioned. In the case of 129.compress, the
differences in predictability and the prediction coverage between -O0 and -O1 were than
considerably smaller than those for the last-value predictor case. In the case of 134.perl,
both predictability and prediction coverage worsened slightly as the optimization level
became higher. However, these observations do not lead to different conclusions from
those drawn for the last-value predictor case. In general, both predictability and predic-
tion coverage rarely changed when different optimization levels were considered. Thus,
the aggressive hybrid predictor is also effective for highly optimized binaries.

Fig. 2(i) shows simulation results obtained when the last-value predictor was applied
to MIRV binaries. Characteristics different from those of GCC binaries can be observed.
First, we can find that, in general, both predictability and prediction coverage improved
in MIRV more than in GCC. This can be observed throughout all the programs and all
optimization levels. Tables 1 and 2 show that there were not significant differences in the
dynamic instruction counts between the two compilers. Therefore, MIRV can benefit
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(i) Last-value. (ii) Hybrid.

Fig. 2. % Value predictability (MIRV).

from value prediction more than GCC. Second, it is generally found that both predictabil-
ity and prediction coverage worsened slightly as the optimization level became higher.
This difference from the GCC case can be found especially in the case of 099.go. How-
ever, this decrease is not as large as that in GCC 129.compress. Thus, we can conclude
that the conservative last-value predictor is still effective for MIRV binaries.

Fig. 2(ii) shows simulation results obtained when the hybrid predictor was applied to
MIRV binaries. The characteristics similar to those of the last-value predictor case are
observed, while 099.go shows considerably different behavior. Both predictability and
prediction coverage, which were better than in the GCC case, worsened slightly when
higher optimization levels were applied. In addition, for 099.go, both predictability and
prediction coverage were considerably worse when the optimization level changed from
-O0 to -O1. However, we can conclude that the aggressive hybrid predictor is also effec-
tive for highly optimized binaries.

4.2 Processor Performance

Next, the influence on processor performance was evaluated. We used the execution
cycle time as a metric for evaluation. Hence, the smaller the number was the better the
performance was. Every execution cycle time was normalized by the time in the case of
-O0 binary without data prediction. We used 4096-entry direct-mapped tables for this
evaluation.

Fig. 3(i) shows the contribution of the last-value predictor on GCC binaries. The
horizontal axis indicates the program names and optimization levels, and the vertical axis
indicates the relative processor performance. For each group of two bars, the left bar
(gray) is for the case without data prediction, and the right one (black) is for the case with
prediction. First, when we compare the cases without data prediction, it is easily observed
that processor performance improved considerably as the optimization level is changed
from -O0 to -O1. In addition, the difference between the performance of -O0 binaries
with data prediction and that of -O1 binaries without data prediction was still significant.
This implies that it is difficult for data prediction to contribute on binaries with conserva-
tive compiler optimizations, such as legacy binaries. In other words, re-compilation is
better than hardware-based optimizations for these binaries. Second, when we compare
-O1 binaries with prediction with -O2 binaries without prediction, it is easily found that
the former ones achieved better performance than the latter ones. Therefore, it is possible
to improve highly optimized binaries using data prediction.
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(i) Last-value. (ii) Hybrid.

Fig. 3. Execution cycle time (GCC).

Fig. 3(ii) shows the contribution of the hybrid predictor to GCC binaries. While the
absolute contribution of data prediction increased, the influence of compiler optimiza-
tions on processor performance was similar to that of the last-value predictor. The only
exception is 134.perl, where the performance of -O0 binary with prediction is better than
that of -O1 binary without prediction.

Fig. 4 show the execution time results for the MIRV compiler. First, when we com-
pare the cases without data prediction, the difference in performance between -O0 and
-O1 is insignificant. This is because the MIRV compiler performs higher optimization
with the -O0 option than GCC does, as shown in Table 2. Nevertheless, the difference
between the performance of -O0 binaries with data prediction and that of -O1 binaries
without prediction is still considerable. This confirms that it is difficult for data predic-
tion to improve processor performance when legacy binaries are executed. It is also ob-
served that improving highly optimized binaries using data prediction is possible for
MIRV binaries.

(i) Last-value. (ii) Hybrid.

Fig. 4. Execution cycle time (MIRV).

5. CONCLUSIONS

This paper has evaluated the influence of compiler optimizations on value prediction
using GCC and MIRV binaries that were compiled with different optimization levels.
Value prediction is a new technique that resolves data dependences speculatively in order
to extract more ILP from programs with low levels of parallelism. Previous works on
value prediction proposed several tradeoff points between value predictability and hard-
ware complexity. However, to the best of our knowledge, the relationship between com-
piler optimization levels and the contribution of value prediction to processor perform-
ance has not been investigated. Therefore, in this paper we have evaluated the value pre-
dictability of several binaries. From detailed simulation results, we have found the fol-
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lowings. For both GCC and MIRV, the value prediction is still effective for binaries
compiled with every optimization level. However, it is better to re-compile legacy bina-
ries than to optimize them with the help of dedicated hardware such as value predictors.
Lastly, it is still possible to improve highly optimized binaries using data prediction.
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