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University of Pittsburgh, 2001

Recently, Very Long Instruction Word (VLIW) architectures have gained popu-
larity with the advent of EPIC computing and several embedded processors adopting the
VLIW computing model. These architectures do not involve run-time reordering of instruc-
tions and have lower hardware complexity than out-of-order processors. The performance
of a VLIW processor is dependent on the capability of the compiler to statically detect
and exploit instruction-level parallelism. Static scheduling of instructions allows reordering
over a larger scope than the scheduling window of a dynamically schedulable processor.
However, accurate run-time information is not available at compile-time, and the compiler
traditionally preserves the conservative program dependencies while scheduling. Some of
the program dependencies can be overcome by speculatively executing instructions. Spec-
ulation predicts the execution behavior of instructions thereby increasing the number of
instructions executing in parallel. This dissertation describes a conceptual framework that
enables speculative execution in VLIW processors using prediction techniques. The frame-
work design aims to facilitate translation of a prediction-driven optimization into the VLIW
compiler and architecture. The framework has been applied to develop profile-driven opti-
mizations that predict attributes of instruction data, namely computed values and operand
bit-widths. Value prediction predicts an instruction value enabling speculative execution
of instructions dependent on the predicted value. Bit-width prediction predicts widths of
instruction operands allowing instructions with narrow operands to be packed together on
a functional unit. Within each optimization, the framework application integrates static
analysis and run-time information in a synergistic way. Profiling is used to estimate run-
time behavior during static scheduling, and the cost of profiling is reduced by statically
identifying the useful predictions of a program. The predictions are performed using novel

schemes and captured at run-time by hardware that is able to effectively estimate the dy-
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namic predictability behavior of instructions. The predictions are exploited using compiler
transformations that speculate aggressively and recovery schemes that reduce the overhead
of misprediction. The efficacy of the optimizations implemented using the framework is
evaluated through empirical evaluations on realistic VLIW machine models. The experi-
mental results indicate the framework to be quite effective in addressing the challenges of

fine-grain parallelism in VLIW architectures.
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Chapter 1

Introduction

Over the last two decades, RISC architecture design has had a major impact on
processor technology, leading to innovative designs of processors. One of the important
subclasses of RISC processors is the class of the very long instruction word (VLIW) archi-
tectures [37]. A VLIW processor executes multiple operations in parallel using separate
functional units. Instructions are fetched from the cache in the form of Very-Long Instruc-
tion Words containing multiple primitive operations, and an entire instruction is issued
for parallel execution of its operations. The execution does not involve any run-time re-
ordering of operations, as in conventional superscalar processors. Instead, the compiler
performs static scheduling and generates code that has independent primitive operations
grouped together in an instruction for parallel execution. Using the compiler reduces the
complexity of the processor design, and the VLIW architecture consists of an execution
engine with simple control logic. Hardware complexity is reduced by avoiding out-of-order
execution because scheduling is done at compile-time. A VLIW processor is scalable to a
wider fetch window as well as larger number of functional units. VLIW architectures have
recently gained popularity with the advent of EPIC computing [66] and several embedded
processors adopting the simplistic static scheduling model.

The performance of VLIW processors depends on the capability of the compiler to
statically identify the operations to group together and fill the available operation slots in
an instruction word. The compiler performs this grouping by uncovering instruction-level
parallelism (ILP) from the program. Executing operations in parallel exploits the available
functional units and improves performance by reducing the instruction schedule length.
Many performance-improving code optimizations have been proposed and developed for
VLIW compilers to help exploit the functional units [22, 25, 13]. Some of these optimiza-
tions are applied at the source level, or at the high-level intermediate code preserving the
control structure and sequencing in the source-code representation. Also a number of code

optimizations are machine-dependent, and operate on a low-level representation of code.



One of the classes of optimizations in the latter category is the class of prediction-based op-
timizations. These optimizations increase parallelism by predicting the execution behavior
of instructions prior to their actual execution. These predictions allow speculative execution
of instructions and the speculation increases parallel execution of the instructions.

Programs, in general, exhibit execution characteristics that are frequently re-
peated. Prediction-based optimizations attempt to utilize this predictable behavior of
program execution for performance enhancements. This predictable behavior arises due
to significant amounts of control locality in programs and can be explained by the 80-20
rule. Although this rule originally referred to programs spending about 80% of execution
time in 20% of code, it is also valid in the domain of executed paths. Within this domain,
programs are found to spend the majority of their time within a subset of executed paths,
namely hot paths. These hot paths generate predictable values since programs repeat sim-
ilar computations along the same execution path. This predictable behavior is apparent in
several aspects of program execution. For example, studies have observed that 40-50% of
values computed by an instruction at run-time are exactly the same as the values computed
in previous instances of the instruction’s execution [48]. Also, memory reference patterns
are frequently repeated and memory dependencies can be predicted accurately by chaining
the operations aliasing the same location [15].

Superscalar processors have been quite successful in exploiting predictions at run-
time for performance enhancements. These processors capture predictable behavior by
storing the history of previous computations in hardware to use to predict the program’s
future behavior. For example, commercial superscalar processors incorporate prediction
in the form of branch predictors (Alpha 21264, PowerPC 620) and trace caches (Pentium
4). Performing predictions at run-time allows these processors to use accurate dependency
information and to dynamically control the aggressiveness of prediction. Lately, due to the
emergence of several commercial VLIW processors, interest in developing compiler-based
prediction optimizations has been increasing. In the compiler domain, such optimizations
can be useful to speculatively hoist code during static scheduling. The major focus of
the research in this dissertation is the design of prediction-based optimizations for VLIW
processors.

There are several attributes of programs that, if correctly predicted, can reduce
execution time on a parallel processor. Execution of statements in a program is constrained
by a number of dependencies. Several of these dependencies, such as control, memory and
true data dependencies, occur because of the program structure. These dependencies can be

overcome by predicting them accurately, allowing the dependent instruction to speculatively



execute before the dependence gets resolved. Figure 1.1(a) shows an example of such a
situation. In this figure, the instructions shown are constrained to execute sequentially due
to true data dependencies between them; r3 depends on r2 which depends on ;. Predicting
the first of these dependencies, as shown in Figure 1.1(b), allows the last two instructions
to execute in parallel with the first instruction, since the latency of the load of r; is higher
than the add instructions. The prediction is confirmed using a verification stage, which may
incur an additional cycle. If the prediction is correct, the prediction improves the schedule.
In the case of mispredictions, speculated instructions that were incorrectly executed need

to be re-executed with verified values.

r,=ry+rg
= Load[A] Predict data

\ dependency r; = Load[A]

f3=Ta+Tg

(@) (b)

Figure 1.1: Prediction of Program Dependence

Program execution is also constrained by dependencies introduced by the proces-
sor model due to limitations of resources. Among these dependencies are artificial (anti
and output) dependencies and resource dependencies. Figure 1.2(a) demonstrates a case
when resource limitations serialize program execution. In this figure, assume the underlying
machine model consists of a single 32-bit ALU. This restriction prevents the two add in-
structions from executing in parallel even though the program itself does not serialize those
instructions. If both of these instructions operate on 16-bit data, these instructions can be
packed together on the same ALU. Figure 1.2(b) shows the packed instructions for such a
case. The verification process depends on the architecture implementation, and in the ex-
ample, verification is performed in parallel with the speculation. Mispredictions impact the
benefits of speculation by incurring re-execution of those packed instructions that require
more than 16-bits for run-time computation. In both examples, if the predictable behav-
ior of a program’s execution is well captured by making accurate predictions, speculative

execution can improve program performance.
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Figure 1.2: Prediction of Resource Dependence

1.1 Challenges of prediction in VLIW architectures

The advantage of performing static scheduling in a VLIW architecture is that the
compiler can exploit opportunities for parallelism by using a global instruction window that
is beyond basic blocks. However incorporating prediction-driven optimizations in a VLIW
architecture through a compiler involves a number of challenges.

Due to the static scheduling model, the dependency information available at
compile-time for scheduling is typically very conservative. For example, memory aliasing
cannot be completely resolved until run-time and restricts scheduling of load instructions
before potentially conflicting stores. In order to effectively incorporate prediction, a VLIW
compiler needs accurate run-time information to guide the prediction process. Profiling has
been used in the context of VLIW architectures to provide feedback to the compiler for
speculating instructions [19, 28]. However, profiling at the instruction-level is very expen-
sive. As an example, the pizie profiling system incurs 100-200% execution overhead if each
basic block is profiled [39]. Thus, if prediction is implemented at the instruction level, the
overhead of the profiler can become a serious bottleneck in designing an optimization. One
of the challenges of prediction in the static domain is to keep the profiling overhead within
reasonable limits.

The static scheduling model of the VLIW architecture enforces the condition that
the instructions to predict be selected at compile-time because the instruction schedule must
be set prior to execution. Hence, if an instruction is selected for prediction at compile-time,
all instances of that instruction at run-time are predicted at run-time. The instructions are
statically selected based on their predictability behavior within the profile data. In order for
a large fraction of instructions to meet a threshold of predictability from the profile data,
accurate prediction schemes need to be designed. These prediction schemes would not only
be used by the profiler to gauge instruction predictability, but would also be incorporated
within the predictor for run-time predictions. Designing effective prediction schemes is a

significant issue for prediction-based optimizations on a VLIW processor.



Also performing accurate predictions is not sufficient since the predictions, al-
though accurate, may not improve performance in some cases. It is possible for a prediction
to be accurate but fail to trigger any speculation because of the lack of any instructions
in the program that can benefit from the prediction. Thus, only the predictions useful for
improving performance should be selected by the compiler. Since predictions are selected
at compile-time, static analysis of the program should be used to identify these profitable
predictions.

It has been observed that many instructions are easily predictable in a limited
number of phases of their execution lifetime [68]. During other phases, these instructions
are either predictable using a more complex scheme or they are not predictable at all. The
instructions predictable using complex schemes can be addressed by designing predictors
that adapt to different prediction schemes during phase changes at run-time. In the VLIW
domain, because of the simple execution engine, design of such predictors needs to ensure
that processor complexity is not severely impacted. If complex hardware is needed for
making the predictions, the advantage of a simplistic VLIW architectural model is lost.

In the case when an instruction frequently shows transient behavior of unpre-
dictability during its execution, even sophisticated predictors fall short of predicting very
accurately. In such cases, mispredictions cannot be avoided because the static scheduling
VLIW model prevents predictions from being turned on and off at run-time based on their
dynamic behavior. In order to handle such cases, misprediction recovery schemes need to
be designed that minimize performance degradation during mispredictions. Designing ef-
ficient recovery schemes is also important because handling mispredictions is expensive in
the VLIW domain due to the fixed scheduling model. If a misprediction is encountered, the
in-order execution of a VLIW processor prevents the execution of subsequent instructions
encountered before completing recovery. This recovery cannot be masked by keeping the
processor busy with out-of-order instruction issue, as is the case with superscalar processors.
Using only software compiler techniques, recovery can be performed by generating recovery
blocks for the misprediction cases [28]. Software-based recovery has effects on code size
and cache performance that may limit any benefits of speculation. Hence handling mispre-
dictions is quite challenging when developing prediction-based optimizations in the VLIW
domain.

Thus, the VLIW model of computation introduces several challenges for designing
prediction-based optimizations including making accurate and useful predictions, modeling
phase changes in predictions and handling mispredictions efficiently and effectively. These

challenges are applicable to any VLIW optimization utilizing prediction. The prediction



techniques that have been proposed for VLIW architectures have been designed in isola-
tion without providing a general methodology for prediction. Since there are a number of
characteristics of program execution that can be predicted, a unified framework providing
conceptual tools that every prediction-based optimization would need, would be beneficial.
Such a general framework would enable a novel prediction-based optimization to be easily
implemented within a VLIW architecture and compiler. The major goal in this research is

the development of such a general framework.

1.2 Overview of research

This dissertation explores approaches for performing prediction in VLIW archi-
tectures. This research first develops a general methodology that provides a conceptual
view of the components within a prediction-driven optimization. This methodology is then
applied to develop specific optimizations that address the challenges highlighted in the pre-
vious section. The development of the optimizations involve addressing the following goals

related to predicting in VLIW architectures.

e Designing effective prediction schemes that are able to make accurate predictions on

the underlying instruction attribute being predicted within the optimization.

e Identify the regions of a program where predictions would benefit performance, by

developing static analysis to establish usefulness of predictions.
e Exploit the useful predictions through profile-driven compile-time speculation.
e Keep the cost of obtaining the profile information within reasonable limits.

e Design the predictor to make the predictions at run-time, and the predictor design

should aim at low cost while maintaining the accuracy of the prediction schemes.

e Develop techniques to handle the mispredictions within the optimization efficiently.

1.2.1 Framework

The above goals are addressed by first developing a general framework for repre-
senting prediction in VLIW architectures at a high-level. This framework is instrumental
in developing solutions for the above goals and facilitating the translation of a prediction-
based optimization into a VLIW compiler and architecture. The framework consists of the

following components:



Usefulness Analyzer: Identifies the program points where prediction, if applied, would

improve overall performance.

e Selective Profiler: Profiles the program instructions using the prediction schemes to

test predictability.

e Speculation Transformer: Transforms code by speculatively hoisting instructions that

display predictable behavior.
e Predictor: Handles the predictions at run-time.

e Restorer: Restores program state during mispredictions.

The framework integrates ideas from the domains of profiling, compilation and
architecture design. Each domain has its own unique strengths and the integration of
the domains offers strengths not present in a single domain. This synergistic approach
was used to develop the prediction framework. The practical utility of the framework was
tested by developing specific prediction-based optimizations. Before implementing the above
components for any optimization, the predictability was estimated by designing prediction
schemes for the optimizations. A brief overview of the optimizations developed for prediction

in VLIW processors is given in the next section.

1.2.2 Prediction Optimizations

This dissertation utilizes the framework to develop prediction-driven optimizations
including value prediction and bit-width prediction. For each optimization, the framework
components were developed and the goals mentioned in Section 1.2 were addressed during
their implementation. Several of the ideas developed as part of this implementation are

general enough to extend their scope of applicability across multiple architectural platforms.

1.2.2.1 Value Prediction

Value prediction predicts the values computed by an instruction. The advantage
of performing value prediction is that instructions dependent on the predicted instruction
can be speculatively executed using the predicted value. In this way, delays caused by true
data dependencies existing between an instruction computing a value and the dependent
instructions using that value can be avoided. The true data dependencies are a serious
bottleneck in restricting the capability of a processor to exploit parallelism and occur more
frequently than control dependencies. Figure 1.1 gave an example of value prediction

improving instruction schedule upon correct prediction.



The framework was used to develop an optimization for predicting values com-
puted by load instructions. Since loads have long latencies, predicting their values enables
dependent instructions to overcome these latencies. Initially, the predictability of load val-
ues was analyzed by applying various techniques for prediction. Previously proposed value
prediction techniques used the local context of an instruction to predict future values. One
of the contributions to this thesis was to develop novel value prediction schemes that used a,
more global context associated with an instruction for prediction [56]. The types of global
context used included path information as well as values produced by recent execution
instances of the instruction. These techniques along with previously proposed prediction
techniques were used to generate value profiles. Among the framework components, the
usefulness analyzer was designed to use dataflow analysis to compute the change in critical
path of a region due to a prediction. Predictions that did not improve the critical path were
not instrumented by the selective profiler. Usefulness reduced the cost of value profiling
significantly. The profile information generated by the selective profiler was exploited by
the speculation transformer to transform the code enabling value speculation [28] of instruc-
tions that used predicted values. Instructions to predict and validate values were added to
the instruction stream, exposing more parallelism to the scheduler. Hence, the compiler
scheduled the instructions to predict within a program as well as those instructions that
can be speculated using the predictions.

The value prediction techniques used in the framework predicted the next value
of an instruction using run-time history of predictions. Run-time prediction history is the
past predictability behavior of an instruction that can be used to make the next prediction
for that instruction. Several optimizations use run-time history to make predictions, such
as branch prediction using previous outcomes of branches to predict the next outcome. The
run-time predictor for value prediction was developed in hardware and included predic-
tion tables that store the history of predictions for instructions. A majority of program
predictions were found to be accurately predicted only if the prediction technique varied
dynamically using a hybrid prediction scheme. The value predictor was implemented as a
segmented predictor in which different partitions of the predictor stored different amounts
of run-time history. This hardware partitioning was implemented using feedback infor-
mation about program predictions that required hybrid prediction as opposed to the ones
predictable using just a single scheme. Incorporating a segmented predictor reduced the
cost of implementing hybrid prediction significantly. Compiler analysis was used to config-
ure the predictor for a program by annotating the predicted instructions with table entries

that contained the corresponding predicted values. Each prediction was assigned to one of



the partitions of the predictor, based on the most profitable prediction schemes for that
prediction, as indicated by the profiler.

Misprediction recovery was addressed by developing the restorer in both the static
and dynamic domains and comparing their performances to choose the more efficient alter-
native. In the static domain, recovery blocks were inserted in the code that were executed
to recover from a misprediction. In the dynamic domain, a compensation code engine archi-
tecture was designed to generate and execute recovery code at run-time [57]. This engine
allowed the original VLIW code to execute without stalling when recovery of a misprediction
took place. The engine also avoids any increase in static code size due to prediction. Value
prediction was analyzed on realistic VLIW machine models with significant performance

speedups for the dynamic recovery case.

1.2.2.2 Bit-width prediction

The framework was also used for another prediction-driven optimization, bit-width
prediction, that predicts widths of instruction operands, allowing instructions with narrow
operands to be packed together on a functional unit. In contrast to value prediction which
is beneficial for extracting higher degrees of instruction-level parallelism, bit-width predic-
tion is useful when the underlying machine model cannot handle the available ILP in the
program. Lately, multimedia applications have become an integral part of workload char-
acterizations of microprocessors and these applications typically operate on small operand
widths. Also, as processor word widths shift to 32 and 64 bits, the general purpose appli-
cations typically do not require all of the bits available for processing. Bit-width prediction
attempts to pack operations with narrow operands together to improve resource utilization.

A prediction scheme for bit-width prediction was developed for packing instruc-
tions with narrow operands on the same ALU. Bit-width profiling was developed as a com-
ponent in the framework to compute how often the width of an operand was found to be
within a byte or half-word. The profile data was used by the speculation transformer to
identify instructions whose operands were narrow enough to be packed on a functional unit
together with other similar instructions. Static analysis was used by the usefulness ana-
lyzer to determine the regions within the program that did not have enough parallelism and
bit-width profiling was turned off for such regions. Profile information was also used by
the speculation transformer to pack operations with narrow operands on a functional unit
whenever the instruction-level parallelism exceeded the available functional unit resources.
This dissertation introduces the concept of heterogeneous packing, which is a scheme to

pack different types of operations on the same ALU [55]. This work differs from previous



research that exploits operand width by packing similar types of operations in a SIMD-like
fashion. The advantage of heterogeneous packing is that it exploits greater opportunities
than by packing only similar types of operations together.

By exploiting the unused portions of the fetch unit, increases in fetch bandwidth
and other hardware complexities were avoided. These unused fetch slots were used to
fetch additional operations packed on a functional unit. The predictor component included
a steering logic network to redirect operations packed together from the fetch buffer to
their respective functional units (assigned by the speculation transformer). This steering
logic extracted a subset of bits of each predicted operand value. The subset of bits was
predicted by the compiler to be the maximum width of that operand. The operands of
packed operations were verified using additional logic for detecting mispredictions whenever
an operand’s width spilled over the predicted width. In case of a misprediction, each
mispredicted operation was re-executed independently on the ALU. From empirical analysis,
bit-width prediction technique was found to be suitable for VLIW architectures constrained

in the number of functional unit resources, such as some embedded processors.

1.3 Organization of this dissertation

The remainder of this dissertation is organized as follows. Chapter 2 presents
background information on prediction-driven optimizations and profiling in the context of
VLIW architectures. Prior research in value prediction in both superscalar and VLIW ar-
chitectures is described here in detail. Previous work related to bit-width prediction is also
described in this chapter. Chapter 3 gives an overview of the prediction framework. The
components of the prediction framework are described in detail along with their interac-
tions with each other during program execution. Chapters 4 and 5 present the framework
implementation in context of value prediction along with empirical analysis on a VLIW
machine model. Chapter 6 presents the framework applied to develop bit-width prediction
with experimental evaluations. Finally Chapter 7 presents conclusions and future research

directions.



Chapter 2

Background

Prediction-based optimizations for VLIW architectures is dependent on prior work
in prediction methodologies, profiling techniques and compiler transformations. This chap-

ter provides a background in these areas.

2.1 Prediction Methodologies

The idea of prediction has been a topic of research in processor and compiler design
since branch prediction gained wide recognition in the early 1990s. Branch prediction has
been successful in overcoming the latency of branches by prefetching instructions along
the predicted path [51, 79]. Subsequently, several other prediction schemes have been
proposed at the instruction-level for overcoming latency of memory instructions. One of
these prediction schemes is address prediction [6] which predicts memory addresses of loads
to overcome the effective address calculation latency. Load/store dependence prediction [15,
53] is used to predict aliases between load and store instructions. If a load instruction
is predicted to be independent of prior stores, it is speculatively issued without waiting
for prior stores to complete. Also, the prediction can estimate the store that a load is
dependent upon. Memory renaming [75] is another form of memory prediction involving
prediction of dependencies between loads and stores. The prediction involves forwarding
of values from stores to the predicted dependent loads without accessing memory. Value
prediction is a prediction technique that was initially developed to overcome the latency of
load instructions [49]. In the context of superscalar processors, a comparison of the above
prediction techniques that overcome the latency of memory instructions is given in [58].

Prediction techniques for VLIW architectures have been more restrictively applied
due to the challenges discussed in the previous chapter. In this context, prediction is em-
bedded in several phases of the compiler such as region formation [40, 50] and inlining [12],

that use profile information to estimate the frequently executed blocks/paths. Memory pre-
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diction techniques have been implemented for VLIW compilers in previous work [32]. This
previous work uses a hardware mechanism to store load/store dependencies and performs
aggressive code scheduling in the presence of ambiguous memory dependencies. The hard-
ware supports code reordering by detecting cases when the ambiguous references access the
same location and subsequently invoke a recovery code sequence supplied by the compiler.
The concept of recovery code has been used in VLIW compilers in other areas also, such
as exception handling [3] and value prediction [28]. This dissertation explores the efficacy
of static recovery code and also develops dynamic recovery methodologies that generate
recovery code at run-time.

The prediction framework developed in this dissertation is applied towards opti-
mizations that predict values and operand widths. The next few sections describe prior

work related to these applied optimizations in detail.

2.2 Predicting Values

2.2.1 Methodologies

The concept of value prediction was introduced by Lipasti and Shen [49] and was
originally targeted to reduce memory access time of load instructions. Computed values
of load instructions were predicted in order to hide the memory latency. In their further
studies [48], prediction was applied to all register defining instructions. Their studies show
that programs exhibit a large degree of value locality. Using a simple history of the most
recent value is able to capture 49% of the total run-time generated values. If the history
is extended to four most recent values, this number rises to 61%. Their proposed value
prediction unit used a table to store the most recently generated values for the instructions.
These values were predicted to be the next computed value and the prediction scheme was
called last value prediction. Their research was extended in work by Burtscher et al. [9].
This latter work implements several predictor configurations to predict the value of an
instruction out of its last n computed values, where n ranged from two to eight. Confidence
mechanisms were used to select the value from the set of previously computed values. The
results from this work show that predicting from last four values outperforms the other
predictor configurations scaled to the same size. Also the performance is comparable to
other complex predictors of the same size. The authors suggest profiling to further improve
the performance and reduce predictor size.

Gabbay and Mendelson [29] redefined the concept of value locality as temporal

value predictability, occurring when an instruction computes a value as a function of the



most recently generated value. They introduced another concept called spatial value pre-
dictability, where an instruction computes a value as a function of more than one previously
generated values. This kind of predictability was measured on patterns of values that
appeared as stride sequences and extrapolating the next value (stride prediction). Stride
prediction was shown to outperform last value prediction, especially for ALU instructions in
floating point benchmarks. A possible reason is that stride prediction was able to capture
several loop induction variables which are usually ALU instructions. The difference between
the two prediction mechanisms was not significant for integer loads and floating point in-
structions. Also, the improvement was noted to be higher in the computation phase than
the initialization phase of floating point benchmarks. Classification of instructions was
proposed using profiling to identify predictable instructions. Their observations suggest
that different instructions in a program would have different potential for value predictabil-
ity. And this potential seems to vary based on the prediction scheme being applied. In
this dissertation, value prediction is implemented by statically identifying the predictability
behavior of instructions and selecting the best prediction scheme(s) for each instruction.
Sazeides and Smith [64] introduced a new class of prediction which they define
as context-based prediction. Last value and stride predictors were classified as being com-
putational predictors performing some operation on previous generated values to predict
the next value. Context based prediction stored finite value history patterns and predicted
one of the values if the same pattern (context) repeated at run-time. The authors named
their predictor a finite context method (FCM) predictor. The FCM predictor used the most
recent history pattern to index into a prediction table and return the most likely successor
to a given pattern. The authors observed that over 20% of the correct predictions made
by the FCM predictor could not be captured by last value or stride prediction. Also, only
20% of the static instructions accounted for almost all of the improvement of FCM over
last value and stride prediction. Similar to other previous work, the authors noticed certain
instruction types to be more predictable than others. Although this study used unbounded
history table sizes, the authors justified implementing context-based prediction from their
observation that the majority of the instructions (over 90%) generated few distinct values
(less than 4096). Also, since only a small fraction of static instructions contributed to im-
provements over previous predictors, these instructions could be captured by profiling and
used for prediction in the context of VLIW processors. Using the profile information, a pre-
dictor can be designed that performs FCM prediction only on this fraction of instructions,

while performing last value or stride prediction on other fractions of instructions.



Several hybrid predictors have also been developed to accumulate the benefits of
different prediction schemes into one hardware module. Wang and Franklin [76] investigated
a two-level scheme to perform value prediction. The first level stored patterns of values
generated by the instructions along with the four most unique values, and was accessed by
an instruction’s address. The selected pattern was used to access another table that stored
the history of previous outcomes of different patterns. A selection criterion operating on the
history chose one of the four values as being the next prediction. This scheme was based on
the authors’ observation that a substantial percentage of the dynamic instructions have four
or fewer unique values. The authors further proposed a hybrid scheme involving the two-
level and the stride predictors. Rychlik et al. [59] designed hybrid predictors composed of
stride and FCM predictor components. Run-time performance was used to determine which
component predictor to access and update during a prediction. These predictors produced
high prediction rates. However this improvement was at the expense of large prediction
tables. The prediction mechanism used assumed the table updates were immediate and
ideally correct. Realistic updates reduced the prediction rates significantly (24% for the
smaller-sized predictor configuration). Another hybrid predictor design that uses last value,

stride and two-level prediction schemes appears in [46].

2.2.2 Reducing Hardware Cost for Value Prediction

The above hybrid schemes improve performance over individual prediction schemes
by applying each of the individual schemes on an instruction. However these schemes are
expensive in terms of hardware cost since each prediction scheme needs to be completely
implemented. Most of the above schemes use a separate table, a classification table, to
analyze the most recent values for each instruction and decide whether to predict the in-
struction or not. In case of hybrid predictors, the classification table also decides which
prediction scheme to use whenever an instruction is selected for prediction. This run-time
classification requires extra logic in addition to the value predictor hardware, and each
predictable instruction involves a learning period before it can be selected for prediction.
Spurious mispredictions can evict an instruction from the table of predicted values and
this instruction needs to go through the learning period again before it can be predicted.
Another design overhead in hybrid value predictors is the cost of accommodating differ-
ent prediction schemes. To achieve high prediction accuracies, hybrid predictors need to
be designed with the cost of storing several different types of prediction histories for each
predicted instruction. Even with high prediction accuracies, the usefulness factor reduces

the performance benefit of these predictors. Previous work suggests a usefulness tracking



mechanism to update a value predictor only if a prediction is read by an instruction [59].
This mechanism results in slight improvements in speedups but reduces overall prediction
accuracies. The observation that even a reduction in prediction accuracies can still improve
performance, indicates the significance of the usefulness factor in prediction.

Some researchers have attempted to optimize the predictor cost by reducing the
stored prediction history. Morancho et al. [52] propose a technique for load address predic-
tion that avoids placing unpredictable loads in the predictor table. The technique stores
some bits of data addresses generated by each load in the classification table. Consecutive
data addresses of each load are compared using the stored bits and if they are the same, the
load’s entry is placed in the predictor table. Only a few bits of each data address need to
be stored. Though this scheme is applicable for last address prediction, last value predic-
tion would require a larger number of bits for comparison, since the range of possible data
values is much larger than the range of generated addresses. Also the comparison would
be more complex for prediction schemes other than last value. Rychilik et al. [60] avoid
unpredictable instructions by evicting low confidence instructions from their hybrid predic-
tor table. An evicted instruction is either never predicted again or classified for prediction
using another scheme, depending on which scheme was currently used for prediction. In the
former case, the temporal confidence measure may be too harsh in deeming an instruction
to be unpredictable. In the latter case, the re-classification may yield the same prediction
scheme as before. Sato [62] attempts to reduce the cost of predictor tables by exploiting
narrow width values. The predictor table is partitioned into a wide partition and a narrow
partition. This dissertation reduces the cost of the predictor table using profiling and use-
fulness analysis to eliminate the predictions with low potential for improving performance.
This potential is measured from the accuracy and estimated usefulness of the predictions.

Tullsen and Seng [73] avoided the use of buffers to store potential values for predic-
tion. They assumed the result of an instruction may already be available in the register file.
The study was based on the observation that 75% of the time a value is loaded from mem-
ory, it is already in the register file, or was recently available. In order to detect such reuse
of register values, compiler transformations as well as hardware techniques were proposed in
this work. In order to exploit correlated values across different registers, the compiler would
assign the same register to multiple values. In case reuse occurred across the same register,
hardware was used to exploit it. Profiling was done to mark the instructions as candidates
of either same-register value reuse or reuse across different registers. Also both static and
dynamic prediction techniques were investigated. The performance of the static prediction

techniques displayed a severe penalty of mispredictions on the results. The proposed tech-



niques were similar in performance to the simple predictors such as last value, with the
advantage of no hardware cost of storage of values. Their work indicates the potential of
the compiler in assisting the value prediction process and reducing the associated hardware
costs.

Calder et al. [11] examined techniques to use value prediction selectively in the
presence of hardware constraints such as prediction table capacities and misprediction penal-
ties. They evaluated different strategies for initializing and updating confidences of instruc-
tion values, as well as replacement strategies during capacity misses. Also the authors
attempted to estimate the critical path at run-time by keeping track of the longest depen-
dency chain. Instructions on such a path are selected for prediction as well as for value
speculation. In related work [74], the same authors observed higher speedups when instruc-
tions on such paths are speculated, even when these instructions have lower confidences
than the off-path ones. For the research in this dissertation, instructions for prediction are
selected along the paths that are significant to the program’s performance such as critical
and frequently executed paths.

Muth et al. [54] use a different approach to avoid value predictors by using code
specialization. In their work, value profiles are used to identify program points where
specialization may be profitable. The value and expression profiles are obtained for those
program points and used to carry out specialization. The benefit of predicting an operation
is estimated as the number of cycles it takes to execute that operation and does not involve
any sophisticated usefulness analysis. Although the performance improves, it is affected by

increase in cache miss rate and mispredictions due to static code growth.

2.2.3 VLIW Processors and Value Prediction

In context of VLIW processors, Fu et al. [28] proposed a scheme to perform value
prediction for VLIW processors. Instructions were predicted statically and used to spec-
ulate instructions during instruction scheduling. The instruction set was extended to use
explicit instructions for predicting values and verifying the predictions. The value pre-
diction hardware was updated through software during execution of the new instructions.
Mispredictions were handled by statically scheduling code that would execute for recovery.
For each prediction, an additional branch to the recovery code was added and instruc-
tions between the prediction and the branch were made candidates for speculation based
on the predicted value. The experimental framework considered all load instructions for
prediction. Although the compiler controlled the degree of prediction and speculation, the

prediction techniques themselves remained dynamic. The predictors incorporated in their



study included the two-level and hybrid predictor of Wang et al. [76] but aliasing effects
were not considered in the predictors. A software-only version of their work [27] avoids
any hardware extensions by using available registers to store predicted values. Also, the
Instruction-set Architecture (ISA) extensions were avoided using move and add instructions
for last value and stride prediction. However, the performance of the software-only version
does not measure up to the prediction model that uses hardware and ISA extensions. In
their subsequent work, mispredictions are handled using interrupt handling routines and
register renaming techniques [26]. The authors also analyze different heuristics for selecting
the operations to predict. One of the drawbacks of software-controlled value prediction is
the overhead of the branches. Larson et. al [43] propose to reduce this overhead by using
a branch predictor to gauge the confidence of a prediction.

The research in value prediction developed in this dissertation is most closely
related to the previous work by Fu et al. [28]. Besides using the profiler for filtering in-
structions for prediction, this dissertation also uses it for designing efficient predictor tables.
Dynamic generation of recovery code is also designed to avoid the problems associated with

static recovery, such as code growth and additional branches.

2.3 Predicting Operand Widths

As processors have shifted to wider word widths and with multimedia processing
become more prevalent, several processors have added support for handling small operand
widths. These processors have enhanced their instruction set with operations for sub-word
parallelism (SIMD instructions). Examples of these instructions sets include Intel MMX
and SSE, AMD 3DNow!, Motorola Altivec, and HP MAX-2. Although these enhanced
instruction sets encode sub-word parallelism in the form of SIMD instructions, most of the
burden of detecting the parallelism is left to the programmer. Vectorization techniques have
been proposed in the context of vector processors to exploit loop-level parallelism within
scientific code [20, 45]. Several benchmarks are either difficult to vectorize or are partially
vectorizable. In the case of applications running on fine-grained architectures, there has
been recent work in hardware and compiler support for synthesizing SIMD-like instructions
without user intervention. Brooks et al. [8] proposed an architecture that dynamically packs
narrow integer operations on an FU, similar to a parallel sub-word operation. This previous
work uses dynamic packing to reduce power consumption as well as to improve performance.
Power is optimized by using aggressive clock gating to turn off portions of integer arithmetic
units that are unnecessary for narrow bit-width operations. Packing is applied to improve

performance by merging narrow integer operations to share a single functional unit. The



optimization for power consumption reduces the integer unit’s power by over 50% and the
performance oriented optimization improves speedups in the range 4-10%.

Compiler support to synthesize SIMD instructions has been proposed by Larsen
et al. [42]. This previous work introduces a concept known as Superword Level Parallelism
(SLP) that detects operations of similar types in a basic block and executes them in parallel
by packing them together into a SIMD instruction. Packing of adjacent memory references
was found to be responsible for most of the performance benefits of SLP since it elimi-
nates individual load/stores and address calculations. The overhead of packing memory
references is the packing of data for executing the SIMD instruction and any unpacking
that may be required after execution. In a separate study, bit-width analysis [72] has been
proposed to reduce the silicon area of a reconfigurable processor. The analysis examines
each static instruction in a program to determine the narrowest return type that retains
program correctness. For each variable, a data-range is associated which is propagated over
a program’s control flow graph. Information extracted from bit-width analysis is used to
reduce the number of bits necessary to represent each program operand. Initial experiments
anticipate reduction in logic area by 15-86% and power reduction by 46-73%.

These previous studies are oriented toward superscalar processors. This disserta-

tion exploit smaller operand widths for VLIW processors using profile information.

2.4 Profiling

Fine-grain profiles of basic blocks and control-flow edges have become the basis to
guide optimizations in compilers. One use of profiling is to identify the frequently executed
paths in a program. Path profiling algorithms have been developed to determine how
many times each acyclic path in a procedure executes. Ball and Larus [5] developed a
profiling algorithm using a spanning tree to determine a minimal low-cost set of edges to
instrument. Young and Smith [80] used program tracing to record paths for performing
branch correlation.

Previous work by Sato [61] has proposed the use of profile information to stati-
cally choose between memory renaming and address prediction for an instruction. In case
profiling indicates a load value to be more predictable than predicting its data address,
the value is predicted by forwarding results from aliased store instructions. Otherwise a
stride predictor is used to predict the generated data address. In this previous work, each
instruction is statically assigned the more suitable prediction scheme out of memory re-
naming and address prediction, and cannot change this assignment at run-time. Usefulness

of a prediction is not considered and prediction history for all instructions is stored. Also



memory renaming is used for predicting load values. However studies have observed that
renaming is not as effective as value prediction in terms of speedups [58].

Gabbay et al. [30] were the first to propose profiling of data values for value
prediction by the compiler. Value profiling was performed to insert opcode hints within
the instructions, classifying whether an instruction is predictable, and if so, whether it is
predictable using last value or stride. Profiling was also used to eliminate the stride for
instructions that can be accurately predicted using last value. The potential of profiling
was compared to the dynamic scheme of classification using saturating counters. The au-
thors observed that in most benchmarks, the profiling-based classification better eliminated
mispredictions. However the number of correct predictions decreased for most of the bench-
marks as compared to saturating counters. The explanation provided was that most of the
benchmarks employed small working sets of values and could not exploit the benefits of
static classification. This dissertation incorporates more complicated techniques for value
prediction such as FCM and path-based prediction in the profiler. Having several prediction
schemes alleviates the problem of less prediction due to static classification, by capturing
more instances of prediction. Also, in an attempt to capture smaller working sets of values,
this research performs value prediction selectively, such as predicting only along specific
paths of execution.

Calder et al. [10] proposed techniques to perform value profiling in superscalar
processors. Profiling of load instructions was performed and the most frequent N values
for each instruction were recorded. Among their observations, the authors find a table
size between 4 and 6 to be sufficient to accurately capture the invariant information of an
instruction. The authors also proposed a technique to profile with less overhead, known
as Convergent value profiling. In this technique, profiling of instructions was relaxed by
instrumenting less frequently in case the invariance for an instruction was observed quickly.
Another technique that reduces profiling cost has been suggested in [78]. In this latter
work, the profiler uses a cost-benefit analysis to selectively instrument the program points
for profiling. The analysis involves simple probability tests at link-time estimating the
cycle improvements due to prediction and does not involve dataflow information. In this
dissertation, usefulness of predictions is used to reduce the profiling cost. The usefulness
analysis developed for optimizations is found to be quite accurate since it is statically

performed and involves program dataflow information.



2.5 Predictability Characteristics

There has been some work that attempts to understand the predictability of in-
structions. Sazeides et al. [65] presented a model to analyze value and control predictability.
Predictability was studied similar to dataflow analysis in terms of generation, propagation
and termination. The authors observed that most of the predictability could be traced
back to program control structure and immediate values. Program input data was found to
be a relatively unimportant source of predictability. Predictability was usually terminated
by unpredictable memory data or when a correctly predicted value combined with incor-
rectly predicted value in an instruction. One of their observations was that a majority of
mispredicted branch instructions (more than 50%) have predictable input values.

Rychlik et al. [59] observed that a large chunk of value predictions were never
used by any dependent instructions. On average, 31% of SPECint95 and 62% of SPEC{p95
integer predicted values were never used. The authors reduced such useless predictions
by updating the prediction tables with the correct value only if any dependent instruction
used the predicted value. The percentage of useless predictions were reduced significantly
because of this monitoring. It was observed that predictions for instructions closely followed
by their consumers benefited most from the monitoring. This dissertation uses the concept
of usefulness of predictions as part of the conceptual prediction framework.

Predictability of instructions has been quite successful in improving performance
because there is a lot of redundancy in programs. The redundancy is because of the repeti-
tive behavior of program instructions. A study that analyzes instruction repetition observes
that most of the repetition is due to program internal values and global initialized data [70].
Significant repetition is also seen due to function prologue and epilogue. Besides predicting
values, another way to exploit this repetitive behavior is to reduce the number of execut-
ing instructions by providing microarchitectural support for buffering previously computed
values. Future dynamic instances of the same instruction can use the buffered value if the
input operands in both cases match. This technique is known as Instruction Reuse [69]
and does not involve prediction. Instead, the execution of an instruction is bypassed when-
ever the result is available in the hardware buffer thereby reducing resource utilization and
overcoming execution latency. A previous study [71] has compared value prediction and
instruction reuse and observes that performances are comparable. Although instruction
reuse captures less amount of redundancy, the early validation of results has a higher pay-
back than from prediction. Exploiting redundancy through reuse has also been explored
at more coarse granularities such as the basic-block level [38] as well as trace level [33].

Instruction reuse has also been investigated using the compiler for identifying code whose



computation are reusable during execution [17]. This previous work attempts to eliminate
dynamic computation by creating reusable code segments, The work is extended to select

the regions dynamically by run-time monitoring [18].

2.6 Scheduling and Code Transformations

Several techniques to perform scheduling using code motion to increase instruc-
tion level parallelism have been developed. These techniques include Trace Scheduling [24],
Percolation Scheduling [2] and Region Scheduling [36]. Each technique considers different
approaches to identify candidates for code motion. Trace Scheduling creates large blocks,
called traces, consisting of several basic blocks along a program path that is estimated to be
frequently executed. Instructions appearing within a trace are reordered to generate a good
instruction schedule for the trace. This schedule may be generated at the expense of over-
head in the compensation code inserted in the off-trace blocks that are not very frequently
executed. Percolation scheduling performs code motion using a set of primitive program
transformations. These transformations are applied in a hierarchical manner to exploit both
fine-grained and coarse-grained parallelism by globally rearranging code to exploit paral-
lelism. Region Scheduling operates on a Program Dependence Graph (PDG) and divides a
program into regions containing statements having the same control conditions. The region
scheduler performs transformations on the PDG to redistribute excess parallelism through
code motion from one region to another region with insufficient parallelism.

Code transformations are widely used to increase the instruction-level parallelism
for VLIW processors. Some transformations are performed by predicting certain program
attributes such as frequently executed paths. Gupta [35] performed global code motion
with the help of path profiles. Some researchers have addressed transformations to en-
hance other program optimizations. Bodik et al. [7] proposed slicing transformations to
perform partial dead code elimination. This dissertation uses the prediction framework to
develop optimizations that are applicable either as scheduling techniques or as separate
code transformations. In particular, value prediction is developed as a separate transfor-
mation phase that allows the scheduler to aggressively speculate instructions. On the other
hand, bit-width prediction is developed as a scheduling technique that performs operand

width-sensitive scheduling.



Chapter 3

Prediction Framework

The framework components for prediction-based optimizations and how they inter-
act with each other during program execution are described in this chapter. The framework
is designed to be general enough to enable the application of various prediction-based op-
timizations on a VLIW architecture. The functionality of each framework component is
described here and subsequent chapters incorporate this functionality to develop specific

optimizations.

3.1 Overview of Framework

The framework design provides a model that allows a methodology for predicting
instruction attributes to be translated into a code optimization. Although the functionality
of the components is presented here at a conceptual-level in the framework, the implemen-
tation of the specific optimization being applied can involve additional issues. A high-level
view of the framework structure is shown in Figure 3.1. This figure shows the framework
components (displayed in shaded) interacting with program execution. The prediction
schemes serve as input to the framework and are used to help design parts of the frame-
work. Based on the optimization being applied, different schemes can be designed. For
example, memory addresses are predictable using stride prediction due to a large percent-
age of memory data structures traversed iteratively in programs. On the other hand, stride
prediction does not work well for predicting values of memory instructions [29] and more
sophisticated prediction schemes need to be devised. The prediction schemes are developed
initially and their design affects the implementation of framework components.

Within the framework, the usefulness analyzer incorporates static analysis to iden-
tify program regions where prediction would affect the instruction schedule to improve
overall performance. This framework component uses the program dependency information

extracted by the compiler front-end to estimate the benefits of the prediction on program
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Figure 3.1: High-level view of the Prediction Framework

regions. This analysis can be applied at the instruction-level or at a region-level such as ba-
sic or extended blocks, depending on the optimization and the cost of analysis. The selective
profiler extracts run-time information to gauge predictability of the program regions deemed
useful by the usefulness analyzer. The profiler uses the prediction schemes comprising of
techniques for making predictions on the instructions. The measurement of predictability
is performed by instrumenting the program and generating a probed executable (labeled
as training executable in Figure 3.1). The instrumented code analyzes predictability of
instructions using the designed prediction schemes. This executable is run with training
inputs, and profile information is generated during this initial phase of execution. The
generated information annotates the intermediate representation of the program. The spec-

ulation transformer uses the annotated representation to statically select the instructions



predictable from the profile data and reorder code at compile-time allowing speculative code
motion. The speculation transformer works in conjunction with the compiler back-end using
machine-specific information to generate code incorporating speculation. At run-time, as
the program executes on the VLIW hardware, the predictor enables predictions to be made
dynamically. The restorer handles run-time mispredictions by re-executing the instructions
that were executed incorrectly due to a (mis)prediction.

Among the framework components, the usefulness analyzer, selective profiler and
speculation transformer are active at compile-time and the predictor and restorer interact
with program execution dynamically. The prediction schemes are devised initially before
implementing the rest of the components of the framework for an optimization, as they are
used in implementing some components. In the case that the history of previous computa-
tions is necessary to make future predictions, this history needs to be captured at run-time
in the predictor. In this case, the design of the predictor is based on the underlying pre-
diction schemes. Also, these prediction schemes are used by the selective profiler to test
program predictability. These relationships of the schemes with the framework components
are shown in the Figure 3.1.

One of the features of the framework design is that the framework components
interact with each other. The framework components span the domains of compilers, profil-
ing and hardware. Information in one domain can be useful to reduce the cost associated
with a component designed in another domain. This kind of synergism also works well to
increase the benefit of the framework components beyond the limitations of the domain
in which they are applied. As an example, profile-guided transformations typically utilize
global characteristics of run-time information and are unable to react to phased behavior of
programs. As mentioned in the introduction, phased behavior is the tendency of a fragment
of code to exhibit a sequence of temporal behaviors, some of which are easier to predict than
others. In context of the prediction framework, some phases of an instruction’s execution
are easier to predict than others. The framework can address phase changes by designing
a predictor that adjusts the prediction scheme dynamically to adapt to the phase changes.
This hybrid design increases the benefit of the speculation transformer, allowing more pre-
dictions to be used for aggressive speculation. However, the cost of designing such a hybrid
predictor can be a significant factor. This cost can be reduced by performing feedback
analysis of run-time predictability behavior of benchmark programs and using this analysis
to optimize the predictor design. The idea is to use the profiler to identify the most suitable

prediction schemes that should be combined into hybrid schemes. Feedback analysis would



identify the most frequent phase changes and tune the hybrid prediction schemes towards
these phases and their corresponding prediction schemes.
The next section describes the prediction schemes as well as the framework com-

ponents in detail.

3.2 Framework Description

3.2.1 Input Prediction Schemes

As mentioned in the background chapter, several different prediction schemes have
been developed to predict various attributes of program instructions. Recently, there has
been some work that evaluates and compares different prediction techniques [58]. This
study finds that it is possible to accurately predict which memory operations would ac-
cess the same location, with almost 99% of memory locations being predicted accurately.
On the other hand, less than 50% of the load instructions have their addresses correctly
predicted. This observation suggests that certain instruction attributes can be predicted
highly accurately using existing schemes while others require the design of more efficient
prediction schemes for higher accuracies. As mentioned before, the prediction accuracy of
a characteristic for an optimization is especially a significant issue in VLIW architectures
due to the additional challenges of the in-order execution model preventing the execution
of subsequent instructions upon a misprediction. Hence a prediction-based optimization
should be applied only if speculation is correct the majority of the times it is performed. In
the framework developed in this thesis, one of the first steps in implementing a prediction
based optimization is to have effective prediction schemes steering the optimization. This
capability is achieved by either designing novel prediction schemes or using existing schemes
that are able to predict the attribute used for speculation with reasonable accuracy. These
prediction schemes serve as a pre-requisite for developing the rest of the components of the
framework. By designing the prediction schemes initially, the framework components are
tuned according to these schemes. For example, if a stride prediction scheme is found to be
useful for an optimization, the predictor should be implemented to predict stride values for
making predictions. Also, the profiler should be developed to analyze the accuracy of stride
prediction. As mentioned before, the efficacy of prediction schemes can vary differently for
different optimizations. For an optimization, the most effective schemes are identified and

considered for implementing the framework.



3.2.2 Usefulness Analyzer

There has been substantial research in building accurate predictors that allow
speculation of instructions using the predictions. Lately, some researchers have observed
that predicting all candidate instructions may not always improve performance [59, 11]. The
reason is that several of the predictions are not used before the actual computation (being
predicted) is evaluated. Hence, if computed values were predicted aggressively (similar to
the example prediction of Figure 1.1), a majority of those predictions would not result in
any of dependencies being speculated. Although this previous study refers to a superscalar
processor, it is applicable to the VLIW architecture as well. In the latter case, even though
a prediction generates speculation, performance improvement may be inhibited due to con-
servative static scheduling. The VLIW compiler explicitly schedules those instructions that
cannot be speculated, to avoid using the predicted value. For example, stores cannot be
speculatively executed since they may alter the machine state incorrectly. In Figure 3.2, as-
suming a single cycle for verification, predicting the value of r; would not improve schedule
length, even in the case of correct prediction because the store instruction is non-speculative
and needs to be scheduled after verifying the prediction. Similarly, anti-dependencies that
may alter a predicted value either need to be scheduled to avoid the speculation or need to
be renamed. Hence only useful predictions that can potentially improve the schedule need

to be considered for prediction.
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Figure 3.2: Example of Useless Prediction

The predictions that do not improve the instruction schedule can also be harmful
for program performance. These predictions can degrade performance even when accurately
predicted due to the additional verification required after predicting. Also the overall pre-
diction accuracy reduces in such cases when run-time history is used for making predictions.

Run-time history is typically stored in the predictor and accessed by an instruction using



indexing schemes, such as the program counter. By storing the history of predictions that
do not improve the schedule, the history of the useful predictions can get corrupted due
to aliasing effects in the predictor. This effect is more pronounced in predictors of smaller
sizes. Hence it is imperative to consider usefulness of predictions in the VLIW domain.

In the prediction framework, useful regions are identified by estimating the benefit
of applying prediction using a two-step approach. Initially the useful basic blocks are se-
lected by identifying the frequently executed blocks using control-flow profile information.
Instructions within useful blocks are analyzed for usefulness using static analysis. An in-
struction whose prediction results in improving the instruction schedule is marked as being
useful. Since the underlying machine uses a static scheduling model, the estimation of use-
fulness can be designed to be quite accurate using dataflow analysis. While developing the
usefulness analyzer, the cascaded effect of predictions on schedule needs to be considered.
For example, in Figure 4, the effect of predicting the value of r; will not be useful unless

the value of ry is also predicted.

r,=Load[A]| | r,=Load[A]
\ y

r;=r,+r,

ry=rz+r,

Figure 3.3: Example of Speculation by predicting multiple loads

Hence, the usefulness analyzer estimates the benefit of predicting an instruction

on the performance, and accurate analysis is necessary for correctly estimating this benefit.

3.2.3 Selective Profiler

Profiling has been traditionally used to gather run-time statistics in static schedul-
ing compilers. There are three ways of collecting profile information from a program: sam-
pling, instrumentation and simulation. The sampling-based method is based on techniques
that generate interrupts at regular intervals of program execution. The profiling routine
then logs the execution state of the program at the time the interrupt occurs. Instrumen-
tation inserts additional code to call the profiling routines upon execution of every region
being profiled (a region can be an instruction, a basic block or a procedure depending on the
profiling granularity). The third profiling technique, simulation, collects execution statistics

by running the program on a simulator that monitors the program performance. Amongst



the three techniques, instrumentation and simulation technique are complete because both
cover all the regions that are being profiled. On the other hand, sampling is faster since it
does not involve additional instructions to be executed along with the program. However
sample-based profiles are incomplete since it is possible for instructions to be executed with-
out being sampled. The framework designed in this dissertation covers prediction at the
instruction-level. A sampling-based profile system cannot provide accurate instruction-level
information because it is incomplete. Instead, simulation and instrumentation were used
for profiling in the framework. Chapter 5 elaborates on these techniques as profiling tools
in the context of a compiler infrastructure used for experimentation. Also a description is
provided for the conditions under which each of the two profiling tools is chosen.

The cost of profiling for providing feedback to the compiler can become a signif-
icant overhead by profiling at the instruction-level. In the context of prediction, the cost
of profiling is even more of a concern since different schemes may be necessary to test the
predictability of an instruction. In order to select an instruction for prediction, the pro-
filer may need to apply multiple prediction schemes to check whether the instruction is
accurately predictable. Different instructions may be predictable using different prediction
schemes. Hence, the profile overhead can become substantial if multiple prediction schemes
are applied to each instruction.

The cost of profiling is mitigated in the framework by using the information ex-
tracted from the usefulness analyzer to discriminate instructions for profiling. The selective
profiler marks instructions identified as being useful to estimate their predictability. Based
on the type of prediction being implemented, different attributes can be profiled, such as
computed values, memory addresses, bit-widths, etc. Also, multiple prediction techniques
can be tested as long as these techniques can be applied at run-time by the predictor frame-
work component. The predictability is measured by applying different prediction schemes
(developed beforehand) on the data being profiled, and computing their prediction accura-

cies. The program intermediate code is annotated with this prediction information.

3.2.4 Speculation Transformer

The speculation transformer modifies the program by statically speculating in-
structions using code-restructuring transformations. The profile information is used to
select instructions that meet the predictability threshold. Speculation may require de-
signing additional machine instructions to indicate the instructions being predicted and/or

speculated. These semantics are necessary to specify to the predictor at run-time which



instructions use predicted values. Also, based on these additional semantics, the restorer
would select which instructions to re-execute upon mispredictions.

This framework component can be provided as a separate optimization phase in
the compiler to expose additional parallelism to subsequent optimization phases. Another
option is to integrate the speculation transformer within the instruction scheduler. An
example of the former case is the example of Figure 1.1 where value prediction removes
some data dependencies exposing greater ILP to the scheduler. Figure 1.2 showed an
example of the latter case. In this example, the instructions with narrow operands were
marked as 16-bit operations by the profiler. This information was used by the scheduler
to pack such operations on the same ALU. The speculation transformer was implicitly
incorporated within the scheduler by adding bit-sensitive information to the scheduling
algorithm. In either case, the speculation transformer utilized the profile information to

speculate instructions on the execution path of the predictions.

3.2.5 Predictor

Although the framework exploits predictions by compile-time scheduling, the pre-
dictions are actually made at run-time. The prediction framework component provides the
support to uncover the predictions at run-time. Incorporating predictions modifies the ex-
ecution pipeline due to the additional functionality of predicting and verifying values. The
predictor component includes hardware logic to perform these functions. The actual imple-
mentation of the predictor depends on the attributes being predicted. As mentioned before,
histories of predictions are widely used in prediction-based optimizations to help make fu-
ture predictions. For most prediction-based optimizations, hybrid prediction schemes are
more accurate than an individual prediction scheme. For example, while predicting effec-
tive addresses of loads, a stride predictor can predict addresses that are a fixed stride apart,
such as addresses of consecutive nodes of a fixed data structure (e.g. array). On the other
hand, a context-based predictor bases its prediction on the last several values seen and can
recognize repeated values without a fixed stride, such as addresses of elements of a linked
list. A hybrid address predictor combines the capability of both these schemes and predicts
more accurately because of its flexibility to dynamically choose the best scheme [6]. In
the cases when prediction history is used, the predictor design may also include additional
buffer storage of the prediction history. Depending on the amount of history that needs to
be stored, it may be possible to use existing registers for this storage [73]. The design of

the input prediction schemes controls the decision of how much additional buffer is needed



for making accurate predictions. In the case when an additional buffer is necessary, the
predictor design also involves addressing issues such as hardware complexity and aliasing.

The predictor design can be optimized by applying feedback information about
the behavior of programs in terms of predictability for the underlying optimization being
developed. This information is useful to reduce unnecessary complexities within the pre-
dictor. For example, if a simple prediction scheme works for several of the prediction cases,
the predictor need not apply complex hybrid predictors to all predicted instructions. The
compiler can identify the instructions that suffice with simple prediction schemes as op-
posed to those requiring hybrid prediction. Also, feedback analysis can be used to tune
the hybrid scheme by selecting the individual schemes most suitable for the hybrid design.
This feedback analysis can be performed after developing the input prediction schemes and
observing their performance by profiling benchmark programs. This design is a one-time
process during the construction of the framework. Conventionally, run-time history is stored
in the prediction buffer and is accessed by instructions using the program counter. Since
predictions are made statically in the framework developed in this dissertation, the compiler
can be used to assign the predictions to the buffer to reduce aliasing effects. The predicted
instructions can be assigned buffer entries to reduce the overlapping of instructions that are

live at the same time.

3.2.6 Restorer

The restorer manages mispredictions at run-time and restores the program ex-
ecution to a correct state. After detecting a misprediction, the instructions that were
mispredicted need to be re-executed with the verified value of the prediction. This re-
covery costs additional run-time overhead but is necessary for correct program execution.
Traditional approaches in compiler-controlled speculation have performed recovery during
incorrect speculation by use of static recovery code [3, 28, 32]. The compiler is responsible
for generating additional code corresponding to each prediction, called recovery blocks. The
instructions inserted in a recovery block consist of all the instructions speculated from a pre-
diction in the original (home) block of the compiled code. The home block is modified with
an additional check that verifies the prediction and if the check fails, control flows to the
recovery block. Speculative instructions belonging to the home block are non-speculative in
the recovery block. The reason is that during execution of recovery code, program control
has already ensured that these instructions should execute (with the verified value of the

prediction).



One of the overheads of static restorer design is the increase in static code size, and
this overhead becomes substantial with aggressive speculation. For example, the average
code growth for safe control speculation in presence of exceptions by incorporating recovery
blocks is 19% on average [3]. Static code growth can also affect instruction cache perfor-
mance, increasing cache conflict misses with the normally executing code. This effect would
be especially noticeable when prediction accuracies are not high, as in the case of instruc-
tions with phase changes. Another overhead of the static restorer is that the recovery code
stalls the execution of the original code. Due to the lack of any parallel execution between
these two code forms, the original VLIW code would wait for any recovery to complete
whenever a misprediction occurs.

It is also possible to design the restorer in the prediction framework to involve
an interplay between compiler and hardware. This design adds hardware support that
generates recovery code at run-time. The advantage of the dynamic restorer is that static
code growth is prevented. Also recovery can be performed in parallel with original code
without stalling the VLIW engine upon a misprediction. This concept is similar to the
DIVA checker architecture [4], that verifies the correctness of a superscalar core processor’s
computation. The verification in DIVA is performed by augmenting the commit phase of
the processor’s pipeline with a functional checker unit that checks the correctness of the core
processor computations. The design of the restorer is based on similar principles of run-time
verification of speculation in the context of prediction. This design may require additional
functional units or use existing units to interleave recovery code with original executing
code. In either case, additional architectural capability would be required to synchronize the
execution of the dynamic restorer with the VLIW execution engine. This synchronization
also needs compiler support to insert semantics for correct register communication between
recovery code and the original code.

The above components were used to develop value and bit-width prediction. Value

prediction is discussed in Chapters 4 and 5. Chapter 6 discusses bit-width prediction.



Chapter 4

Value Prediction Schemes

Various methods for value prediction have been proposed to overcome the limits
imposed by data dependencies within programs. Previous value prediction schemes have
focused on a local context by predicting values using the values generated by the same
instruction. This dissertation develops techniques that predict values of an instruction
based on a global context where the behavior of other instructions is used in prediction.
The global context is captured by using the path along which an instruction is executed
to predict its value. The techniques developed augment conventional last value and stride
predictors with global context information. These techniques along with previous techniques
were used as input prediction schemes to the prediction framework to estimate the efficacy
of applying value prediction.

Previous studies performed to observe the patterns of values computed by an
instruction have found that instructions demonstrate locality of data values [49]. The
sequences that occur in certain patterns are easier to predict than others. Typically, the

patterns of values include:

1. (1) Constant values - these are the easiest to predict by always predicting the
same constant value. Constant values have been shown to occur often in benchmark

programs [49].

2. (2) Values differing by a stride - these usually occur in case of loop induction

variables or variables that are dependent on induction variables.

3. (3) Other sequences - these include sequence of values that differ by non-constant

strides. This category is the hardest to predict.

The techniques that perform prediction based on a local context of an instruction
include last value prediction in which the value predicted is the one that was computed in

the last execution of that instruction. Stride prediction is another local context method that
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estimates the stride between consecutive values based on the previous execution instances
of the instruction. Last value prediction can be viewed as a special case of stride prediction
when the stride value is zero. Finite context method (FCM) prediction [64] and other
two-level prediction [76] schemes are also examples of local context prediction based on
previously observed patterns of values. These techniques attempt to detect sequences that
are composition of stride and non-stride sequences.

This dissertation develops techniques that associate a more global context with an
instruction to help predict its value. This global context association is analogous to branch
prediction performed by correlating with other branches [79] and has not been considered for
value prediction before. The global context considered is the path information of execution.
Different values for an instruction are predicted along different paths within a program.
Branch history is used to separate the different paths. In the work by Lipasti[47], branch
history was used to either select instructions for prediction or predict input operands for
estimating data dependencies. However, branch history was not involved in the actual

prediction of computed values.

Block 1

Block 2 Sequence of values computed
Condition, | { T,F,F, T,F,F, T,F F..}

5: Offset, = Offset, + 1 7: Offset, = Offset, + 2

Sequence of values computed
8: Addra = Bmev+ Offsaf {Y+10,X+10,X+10,Y +10,X+10,X+10...}
9: Addrh =Basg+ OffsetV {A+2,A+3 A+4,A+6,A+7,A+8...}

10: Addr, = Basg+ Offset,, |{Y+2,X+3X+4,Y+6,X+7X+8...}
Condition ,

Block 5

Figure 4.1: Example of Path-sensitive Prediction

Consider the code sequence shown in Figure 4.1. Instructions 8, 9 and 10 in
block 5 compute three address values from previously defined base and offset values. Addr,
depends on a base value that has either the value Y or X, depending on whether the
condition Condition; evaluates to true or false, while the offset value is fixed at 10 for all
loop iterations. Addry, uses a base value that is fixed for all loop iterations and an offset that

is incremented by either 1 or 2, depending on the outcome of Condition;. Finally, Addr,.



depends on base and offset values, both of which are different for the two paths within the
loop.

Let us now consider the prediction of these values, assuming the true, false, false
sequence of outcomes for Condition| repeats itself. The conventional last value and stride
predictors would not work in this case. It is possible to perform prediction using the FCM
or the hybrid predictor by maintaining the patterns of values. However, new patterns of
values would be generated often and the number of patterns generated would be large.
Thus, frequent mispredictions can be expected.

It is possible to predict these values using control flow information. Consider the
sequence of values computed by instruction 8 as shown in the figure. We can predict the
next value by looking at the most recent outcome of Condition,. If Condition, evaluates to
false/true, the next value will be the last value of instruction 8 along the false/true branch
(i.e., Y+10/X+10).

Consider the sequence of values computed by instruction 9. We notice that this
sequence is similar to a stride sequence. In case the true branch is taken, the stride is 2;
otherwise it is 1. Thus, the next value can be predicted from the stride pattern of the offset
occurring along a path.

Finally, the computed value of instruction 10 depends on base and offset values,
both of which depend on the control path taken from block 2 to block 5. In this case, it is
possible to perform prediction by remembering both the last value and the stride values for
each incoming path.

In all the above cases, we can perform the prediction for any sequence of branch
outcomes. Values of an instruction along different paths are stored separately and branch
history is used to predict the value on the current path. In this example, a branch history
composed of the last two branches is sufficient for correct prediction. In general, outcomes
from several branches may be required.

The following two sections describe prediction techniques that combine use of

branch history with last value and stride predictors.

4.1 Path-based Last Value Prediction

The first scheme, Path-based Last Value (PLV) Prediction, extends the last value
predictor by storing the most recent values of an instruction for different branch histories.
The history of recent branch outcomes is maintained and used, along with the instruction

address, to predict the next value of the instruction. For the example in Figure 4.1, two



different values of Addr, are stored and then, based on the path followed, the appropriate

value computed on that path is predicted.

Program Counter
Branch
E History Register
<Usage Counter> l—|i|

<Address>  <Last>
<Tag> <Vaue> H/ Hash Fn. Generator

Value used for prediction

Value Prediction
History Table

Figure 4.2: Per-path Last value Predictor Microarchitecture
Path-based last value prediction was analyzed by implementing it as a predictor
whose diagram is shown in Figure 4.2. This analysis was done to determine whether it was
useful to incorporate this technique within the prediction schemes of the value prediction

framework. The components of the predictor that was built for the analysis are as follows:

Branch History Register (BHR): This register stores the most recent branch outcomes.
After each branch is evaluated, the entire history contents are shifted left by one bit and
the least significant bit is set/reset depending on whether the branch was taken/not taken.
The number of paths that can be represented is limited by the size of the register.
Value Prediction History Table (VPHT): This table stores the values of instructions
for different branch histories. It differs from the value prediction table proposed in [48]
in that this table may store several values computed by an instruction for different branch
histories. The table is set-associative and accessed using the instruction address and BHR
bits. Each entry stores the predicted value and a usage counter for performing replacement.
The counter is a saturating counter incremented after every correct prediction and decre-
mented upon a misprediction. Whenever an entry needs to be replaced, the one with the
lowest counter value is selected for replacement.
Hash Function Generator : The VPHT is accessed using both the address of the in-
struction and the history register. This unit performs the hashing of the two for indexing
into the VPHT. For instruction 7 and BHR’s value b, the function used is

£1(i,b) = ((Addr(i) << Size(BHR)) + b) mod Size(VPHT)

where Addr(i) denotes the address value of instruction i, Size(BHR) and Size(VPHT) give

the total number of distinct entries in buffer BHR and VPHT respectively. This function

(BHR)

maps an instruction within a segment of the VPHT of size 2°%%¢ . Within each segment,



different branch histories for the same instruction are mapped to different entries of the
table. This function is easy to implement in hardware and all experimental results presented
in this paper are based upon this function.

For each instruction, the predictor computes the index in the VPHT by hashing
the instruction’s address bits with the current branch history contents. If the index maps to
a valid entry, the corresponding value is used for prediction. After execution, the computed
value is compared with the predicted one. Upon a misprediction, the instruction using the
predicted value is squashed and re-issued with the correct value. Upon the instruction’s
completion, its last value information for the current branch history is updated in the
VPHT.

The performance of the PLV predictor was evaluated using trace-driven simula-
tions and instrumenting the code to perform the prediction. The design of value prediction
schemes was being performed prior to implementing the prediction framework components.
The main issue of interest was the prediction accuracies of the designed schemes and the
type of the underlying processor being simulated was not important. The experimental
framework used, consisted of an instruction-set simulator SHADE [16], a code instrumenta-
tion tool from SUN Microsystems which simulates the SPARC (Versions 8 and 9) instruction
sets. The instructions of the benchmarks were instrumented to record the instruction val-
ues and branch histories. Performance was evaluated by executing the traces generated by
the instrumented code over the PLV predictor’s simulated microarchitecture on a 64-bit
SPARC Ultra-2 processor running SunOS 5.5.1. The benchmarks were compiled using the
SUN Workshop C Compiler, Version 4.2 with the -O option, and run until completion.
The data input to the benchmarks is described in Table 1. Only the integer instructions
were analyzed in the benchmarks. Since previous work [48] shows that floating point in-
structions exhibit value prediction patterns similar to those of integer instructions, similar
performance is expected for floating point instructions.

The PLV predictor was implemented and its performance was compared with the
performance of the last value predictor and the FCM predictor. The FCM predictor was
implemented as a two-level table, with tables of both levels having the same size. The
first level table entries consisted of an address tag and partial values from the last three
instances of the instruction. The address tag along with the stored values are hashed to
a second table storing predicted values for the instruction. The hashing function performs
exclusive-OR on the most significant bits of the stored values.

For each scheme, experiments for different table sizes were performed. The dif-

ferent sizes of the VPHT in PLV predictor are shown in Figure 4.3. Each entry is 4-way



Benchmark ‘ Description Input set
Uniz Utilities

diff File difference utility 4K C files

gawk Pattern scanning language | parse 250K input

grep File search utility | search 1.28M file
SPECint95 programs

li Lisp interpreter train.lsp

perl Shell interpreter primes.in

ijpeg Image compression vigo.ppm

go Chess player 2stone9.in
SPECfp95 programs

applu Fluid dynamics matrix solver applu.in

fpppp Multi-electron derivatives natoms.in

swim Finite difference approximations swim.in

waveb Maxwell’s equations solver waveb.in

Table 4.1: Description of Benchmarks evaluating Prediction Schemes

Usage
VPHT entry Address Value Counter

‘ 24 ‘ o4 ‘4 ‘ Bits per line of VPHT = 92

Set associativity of VPHT =4
VPHT Size (Number of Entries) = 11.5KB (256),
23KB (512), 46K B (1024), 92K B (4096)

Figure 4.3: Table entry line for PLV Predictor

set associative. Since it is possible that some of the programs require only a small branch
history and others require greater path information, experiments for three different branch
history depths were performed. The branch histories used were last 2, last 4, and last 8
branches. It was observed that for smaller table sizes a small branch history performed
best since larger branch histories result in significant aliasing. On the other hand, larger
branch histories performed better for larger tables. Since all integer instructions were being
predicted, aliasing was quite significant and in order to reduce its effects, a branch history
size of 2 was selected for the experiments shown here.

Performance comparison of the PLV predictor with the last value and the FCM
predictors for same number of entries per table, is shown in Figure 4.4. The figure shows the
percentage of analyzed instructions that were successfully predicted. The first bar for each
benchmark shows the result of applying the FCM technique. The second and third bars
show results of applying the last value technique and PLV prediction technique respectively.
From the comparisons, it can be seen that the FCM method did not perform as well as the
other techniques for realistic table sizes. This is due to the large number of patterns that
need to be stored, resulting in frequent collisions within the tables. Also, the PLV predictor

outperforms the conventional predictors for most of the cases. For a 256 entry VPH'T, there



80.0
256 entries
512 entries
1024 entries
4096 entries

PLV

LV

FCM
|

600 Hf-bm o R

40.0

Percentage of correct predictions

ol
i d
200 HEN-HE-AER-RER-SANHAL- rrrrrrrrrrrrrrrrrrrrrrrrrrr
ad
it
g
!
0.0
= x o = = o o > [=X = [Te] )
S = [ [} ) © 5 9 £ [] <)
@ > Q o o o = > ©
o = T & o %5 o
>
<

Figure 4.4: Performance of FCM vs. Last value vs. PLV Predictors in Percentage
Predictions

is slight degradation in performance in cases of ijpeg, swim and waved, as compared to last
value prediction. The degradation can be attributed to the aliasing problem, apparent for
smaller table sizes, since we need to store several values for different branch histories for
an instruction. With an increase in the number of entries, the aliasing is reduced and a
considerable performance improvement is observed. The average performance improvement
over last value prediction is 6.4% for the table size of 4096 entries. For larger table sizes,
this improvement was higher for larger branch history but this is not apparent from the

results shown which use a fixed branch history size throughout.

4.2 Per-Path Stride Prediction

Two prediction schemes were also implemented to improve stride prediction by
incorporating path information. The first of these two schemes, Per-Path Stride (PS) pre-
diction, stores different stride values for an instruction along different paths. The extension
of stride prediction is analogous to extending last value prediction within the PLV predic-

tor. Path information can be useful for stride prediction when a loop variable is updated



by different amounts along different paths within a loop. In the example of Figure 4.1, the
variable Of fset, demonstrates this characteristic. While the strides are stored separately
for different branch histories, the last value is stored globally for all the strides. The table
storing the strides is accessed using the instruction address and branch history bits.

Branch

Program Counter History Register
|
l Hash Fn.
<Address> <bast>  <Usage> Generator <Address>  <Syridel> <Stride2>
<Tag> <Vaue> <Counter> <Tag> L,

<Usage Counter>

Value Prediction Stride History
History Table Table

'

T

Vaue used for prediction

Figure 4.5: Per-path Stride Predictor Microarchitecture

Per-Path stride prediction was evaluated by implementing the scheme as shown in
Figure 4.2. Besides using the components of the PLV predictor, this scheme makes use of
an additional table, the Stride History Table(SHT). The SHT stores the stride values
for different execution histories of an instruction. It is accessed by hashing the address bits
and the branch history register value. The stride update policy used here is the two-delta
policy [21]. In this policy, the stride gets updated only if the difference between the two
most recent values of an instruction occurs twice in a row. To implement this policy, two
strides are stored for an instruction. The first one stores the difference between the last two
values computed by the instruction while the other stride stores the value being used for
prediction. The latter value is updated when the first stride has the same value twice in a
row.

For each analyzed instruction, the predictor uses its lower (k bits) to map to the
VPHT. The last value of the instruction is obtained from this table. Simultaneously, the
address bits are hashed with the branch history to map to the SHT. This mapping accesses
the stride used for the instruction and current branch history. The sum of the two values is
used to predict the next value. Similar to the PLV scheme, the correctness of the prediction
is checked after execution of the instruction is completed, and the update of the last value

and stride is performed following completion.



The second path-based stride predictor scheme combines the previous two pro-
posed schemes by maintaining a last value for each path, as well as a stride value for each
path. This scheme, Per-Path Stride Per-Path Last Value (PS-PLV) prediction, is used to
handle conditions such as that of Addr. in the example of Figure 4.1, whose value depends
on operands evaluated differently along different paths. The implementation is shown in
Figure 4.6. It is similar to the PLV predictor with the exception that each entry in the

VPHT now also contains a stride value.

Branch
Program Counter History Register

<Address> <Last> <Stride2>
<Tag> <Value> <Slride1>,/ );Usage Counter>

Hash Fn.|Generator
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Prediction
History Table
—
+
Value used for prediction

Figure 4.6: Per-path Stride Per-path Value Predictor Microarchitecture

Each instruction is hashed to index the VPHT based on its address and branch
history. This table stores the last value as well as the strides for each branch history. A
single access results in accessing both the values to be used for prediction. These values get
updated during the completion stage of the instruction, as in the previous methods.

(@ VPHT entry Address Value  Usage Counter
HEE o [] Bits per line of VPHT = 92
Set associativity of VPHT =4

Size of VPHT (Number of Entries) = 11.5KB (256)

Usage 23KB (512), 46KB (1024), 92K B (4096)
SHT entry Address Stridel Stride2 Counter
2 nnn Bits per line of SHT =44

Set associativity of SHT = 4
Sizeof SHT (Number of Entries) = 5.5KB (256)
11KB (512), 22KB (1024), 44KB (4096)

Usage
(b) VPHT entry Address Vaue Two Strides  Counter
24 64 ‘ 8 ‘ 8 ‘4‘ Bits per line of VPHT = 108
Set associativity of VPHT =4
Size of VPHT (Number of Entries) = 13.5KB (256)
27KB (512), 54K B (1024), 108K B (4096)

Figure 4.7: Table entry lines for (a) PS predictor (b) PS-PLV Predictor

The configurations of PS and PS-PLV predictors that were used are shown in
Figure 4.7. They were implemented and compared with conventional stride predictors.
The performances of the PS and PS-PLV predictors are shown in Figure 4.8. For each
benchmark, the first bar shows the result of applying conventional stride prediction. The

second and third bars show results of applying the PS and PS-PLV prediction techniques
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Figure 4.8: Performance of Stride vs. PS vs. PS-PLV vs. Hybrid Predictors in Percentage
Predictions

respectively. The fourth bar shows the result of applying a hybrid predictor that combines
the PS and PS-PLV prediction techniques. Hybrid prediction was measured for comparison
with other techniques. Similar to the study for the PLV predictor, a branch history size
of 2 was chosen for the analysis. From the figure, it is observed that the PS predictor
almost always outperforms the conventional stride predictor (except for the benchmark
fpppp which has a marginal degradation in performance). The PS-PLV predictor also gives
a better performance when compared to the conventional stride predictor for most of the
cases. However, the performance improvement is less than with PS predictor. Overall, the
PS predictor shows an average improvement of 8.4% for 4096 entries while the PS-PLV
predictor improves performance by an average of 6.9%.

From the above results, we infer that the PS predictor improves conventional
prediction significantly. Notice that both PS and PS-PLV prediction schemes would be able
to capture different sets of prediction cases (as illustrated by the example of Section 1).
Hence a hybrid predictor that uses both these prediction schemes would potentially give an

additive improvement in performance. Such a hybrid predictor was implemented involving



both the PS and PS-PLV prediction mechanisms. The method used for prediction was based
on a confidence mechanism associated with the instruction. The confidence mechanism
used was a 4-bit counter value that was updated depending on which prediction mechanism
performed correctly on the instruction. The performance of such a predictor is shown in
Figure 4.8. The improvement in performance over conventional stride prediction for 256
entries was 10.4% and was 2% over the best path-based stride predictor. The main issue to
be explored in implementing a hybrid predictor of this form is to select which predictor to
use every time a prediction is to be made. In the next chapter, the predictor implemented
for the prediction framework addresses this issue while incorporating hybrid prediction in

the prediction framework.

4.3 Results from Experiments

From the experiments, a number of conclusions can be drawn.
(1) Path information is helpful in performing prediction of data values of instruc-
tions. Three novel schemes have been proposed for performing value prediction sensitive to
path information. The first scheme, the PLV predictor, improved the last value prediction
by as much as 15% for some benchmarks and 6.4% on average. The other two proposed pre-
dictors, PS and PS-PLV, extend the stride predictors. The PS prediction scheme showed an
improvement exceeding 15% for some benchmarks and 8.4% on average. For PS-PLV pre-
diction, the improvement exceeded 13% for some benchmarks and 6.9% on average. Among
the stride-based schemes, PS prediction requires storage of less history (stride per path) as
compared to PS-PLV prediction (both stride and last value per path). This observation
favors the former scheme while implementing the predictor of the prediction framework.

(2) Value prediction displays good prediction accuracies even for small
buffer sizes. In this chapter, value prediction was analyzed for all integer instructions
while developing novel prediction schemes. Prediction accuracies for load instructions are
even higher than general integer instructions [49]. This observation serves as a motivation
to implement value prediction on the framework using the described prediction schemes.
The prediction schemes were evaluated in this chapter by developing realistic predictors for
each of the schemes. The value predictor in the framework need not be implemented exactly
the same way as shown here. Instead, the static VLIW model can be used to optimize the
design of the predictor. For example, the concept of usefulness can be used to filter the
predictions, allowing a cost-efficient hybrid configuration to be incorporated. The design
of the value predictor incorporates the prediction schemes described in this chapter and

details of this design are elaborated in the next chapter.



Chapter 5

Value Prediction Framework
Implementation

The prediction schemes designed in the previous chapter are used for implementing
the framework components of a value prediction optimization. The implementation of each
component and empirical results that evaluate the efficacy of the designed components are
presented in this chapter. An overall analysis of value prediction on performance is also

presented.

5.1 Usefulness Analyzer

In the value prediction optimization, the critical path of a region is used as a
measure of usefulness in the prediction framework. In the domain of superscalar processors,
the critical path is dynamic since it depends on the run-time reordering of instructions.
This dynamic path may vary for different instances of the same instructions’ execution. In
the VLIW domain, the critical path is fixed, and thus the compiler can accurately identify
the critical path and analyze the impact of predictions on the path length. Instructions
whose predictions do not improve the critical path of a region need not be considered for
prediction. However there are other issues in estimating usefulness using this approach that
appear due to the static scheduling model. One of the challenges is that the usefulness of
a prediction may not be computable independently of other predictions in the region. In
some regions, several instructions may need to be predicted to improve the schedule. This
situation can occur if an instruction that depends on two instructions can be speculated
only if both instructions are predicted. Such a case is shown in Figure 5.1. As mentioned
before, due to their high latencies only load instructions are considered candidates for value
prediction in this dissertation. In this figure, the multiply instruction computing r5 cannot
be speculated unless both the loads of ro and r3 are predicted. Hence the usefulness of

an instruction may depend on the prediction of other instructions in the region. Another
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factor in VLIW prediction is that for some instructions, their prediction may not improve
the instruction schedule. In Figure 5.1, predicting load r; will not improve the instruction

schedule since the critical path of the block is dominated by loads of ro and rj3.

r, = Load[A]l |r,=Load[B] [r;=Load[C]

LN/

Figure 5.1: Example graph used for Usefulness Analysis

The usefulness of predictions was evaluated in the prediction framework by esti-
mating the effect of a prediction on the the critical path length of the superblock region in-
corporating the prediction. Load instructions within frequently executed (hot') superblock
regions were analyzed. Since the compiler would have already computed dependency in-
formation for other optimizations, this phase did not involve any expensive analysis. The
critical path of a region was computed using this dataflow information and the next section

describes details of this computation.

5.1.1 Computing the critical path

The critical path of a region is computable by identifying the earliest time slots
available to each instruction for scheduling. A dependency graph is used for computing
the critical path, and this graph consists of all the instructions of the region as nodes and
data dependencies in the form of arcs between the nodes. Each instruction node within
the dependency graph of a region is associated with an earliest starting time, which is the
earliest time slot when the instruction can be scheduled honoring all the data dependencies.
On a particular VLIW machine model, due to finite resources, the actual scheduling time
may be later than this earliest starting time. The earliest starting time attribute is also

used by the acyclic instruction scheduler to assign priorities to the instructions.

'Hot regions are identified by path profiling the program and are also used for other compiler optimiza-
tions, such as superblock scheduling.



Earliest starting time for instruction P is defined to be

Estart(P) = Maxgcpreqp) (Estart(Q) + Latency(Q,P))

where Pred(P) is the set of immediate predecessors of P and Latency(Q,P) is the
latency of the edge between  and P.

Each scheduling region can contain multiple exit operations. These exit operations
are branch instructions that transfer control flow to outside the region. The outgoing edges
of each exit operation comprise the set of exit edges of the operation. The critical path
length of a region is computed using a weighted sum of the earliest starting times of each
exit operation of the region. The weighted sum is computed using probabilities that the
exit operations are taken. These probabilities are obtained from edge profile frequencies.

Hence, the critical path length for a region r with exit operations F;, Es...E, is

Critical Path_Length(r) = i, Estart(E;) * (Xccepitedges(m) Prob(e)), where
exitedges(E;) is the set of exit edges for operation E; and Prob(e) is the probability that

exit edge e is taken.

5.1.2 Usefulness Algorithm for Value Prediction

The algorithm for identifying useful predictions is shown in Figure 5.2. The use-
fulness algorithm works by initially predicting all the candidate instructions for prediction
(which are the loads). Next, each candidate instruction is analyzed by undoing its predic-
tion and measuring the effect on the critical path length of the region. If the critical path
length of the region increases by undoing a prediction, the corresponding load is termed as
a useful prediction. In case the critical path is unaffected by undoing the prediction, or if
its length reduces, the corresponding load instruction is not selected for prediction. In this
latter case, incorporating the load for prediction proved to be worse for the critical path
and hence the load is not considered for prediction.

As an example, consider the effects of applying the usefulness algorithm on the
dependency graph of Figure 5.1. Initially all the loads are predicted, modifying the graph
to the one shown in Figure 5.3(a). Each load’s prediction is associated with a verification
that takes one cycle (details of the verification process will be elaborated in Section 5.4).
Notice that the critical path length of the region depends on the exit branch shown. Next,
each predicted load is analyzed by undoing its associated prediction and observing its effect
on the critical path length. Initially, the load of r; is considered and its prediction is undone
as shown in Figure 5.3(b). Notice that undoing prediction of r; does not change the critical
path length of the region as compared to when all loads were predicted. Hence the load is

marked as not being useful for prediction. The prediction of 79 is analyzed in Figure 5.3(c),



for i = 1tonum _of loads in_region(r)
set load; as predicted and modify

dependency graph accordingly;
end for;
set critical_len = critical path length of
regionr;

for i = 1tonum of loads in _region(r)
undo prediction of load, and update

dependency graph

set modif_critical_len = critical path
length of updated graph;

set diff =modif _critical len - critical _len;
if diff> 0

set load; as useful;
redo prediction of load;
else
set load; as useless,
set critical_len = modif _critical _len;
end for;

Figure 5.2: Usefulness Algorithm

and the critical path increases as a result of removing the prediction. This load instruction
is useful and its prediction is kept before analyzing subsequent loads. Figure 5.3(d) analyzes
load r3 and finds it to be useful as well. Hence, the load instructions ro and r3 are identified
as useful predictions from the dependency graph of Figure 5.1.

The usefulness algorithm uses a backward approach by starting with all loads being
predicted and then filtering the predictions that do not seem profitable. The advantage of
doing this backward approach is that the complexity of the algorithm is O(n) where n is the
number of load instructions of the region. Another approach is to start with no predictions
and then test each load instruction for usefulness. However, this forward approach is more
complex because usefulness of an instruction may not be apparent in a single pass of the
instructions. An instruction that does not seem useful for prediction at first may display
usefulness after predicting another instruction. For example, from Figure 5.1, the load ro

would not be useful unless load r3 is also predicted. Hence, the forward approach would
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require an iterative testing of the instructions for determining useful predictions. This
additional level of iteration would increase the complexity of the algorithm to O(n?) here n
is the number of load instructions of the region. On the other hand, the algorithm shown
in Figure 5.2 is simpler while making the same computations.

Before presenting results of usefulness analyzer, the VLIW compiler and architec-

ture infrastructure used for implementing the prediction framework are described.

5.1.3 Experimental Infrastructure

The evaluation of the value prediction optimization was performed on the Trimaran
Research Infrastructure [1]. This infrastructure provides a vehicle for experimentation for
research in compiler techniques for instruction-level parallelism. It is comprised of the

following components:

e machine description language for describing ILP architectures,



e parameterized VLIW Architecture called PlayDoh [41],

e compiler front-end for C performing parsing, type checking, and a large suite of high-

level optimizations,

e compiler back-end performing low-level optimizations such as instruction scheduling,

register allocation and other machine-dependent optimizations,
e an extensible intermediate program representation, and

e a cycle-level simulator providing run-time information on execution time, branch fre-

quencies, and resource utilization.

A view of the infrastructure is shown in Figure 5.4. The front end of the compiler
generates the program intermediate representation(Lcode IR) that is modified into another
form (Elcor IR), which is more suitable for use by the back-end. The back-end uses a
description of the machine model for machine-dependent optimizations. Also, the execution
statistics generated during simulation can be used for profile-driven optimizations as well

as to validate new optimizations.
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Figure 5.4: Trimaran Infrastructure
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Figure 5.5: Trimaran Compiler back-end

The prediction framework developed in this dissertation exploits parallelism at the
instruction-level. Hence, the implementation of value prediction was applied in the back-end
of the compiler performing fine-grain optimizations. A pictorial view of the compiler back-
end is shown in Figure 5.5. The back-end comprises of a suite of classical optimizations that
include constant folding, common subexpression elimination and dead code elimination. Al-
though these optimizations were applied in the front-end, they are re-applied because of
additional redundancies that surface due to the translation of the intermediate representa-
tion. The back-end also consists of two instruction schedulers (pre-pass and post-pass), a
register allocator and a modulo scheduler for the loops. Instruction scheduling and register
allocation are performed on a per-region basis. The compiler infrastructure has the capa-
bility to form regions including Superblocks [40] and Hyperblocks [50]. A superblock is a
block of instructions in which control enters from the top but may leave at one or more
exit points. Superblocks enable the compiler to optimize beyond basic block boundaries by
removing the constraints due to side effects within a sequence of blocks. These constraints
are removed by selecting a trace of blocks using profile information and performing tail du-
plication [40] to eliminate side entrances to the trace. A hyperblock is a similar structure to
the superblock with the difference that instructions within the hyperblock are predicated.
In case of hyperblocks, basic blocks from different control flow paths are grouped together
into a single extended block. This grouping can result in a slow-down of the included paths
if each path requires almost all the available resources resulting in resource dependencies in
the hyperblock. Also, the increase in code-size is larger than in the superblock case since tail

duplication is applied across multiple paths. Although techniques such as partial-reverse



if-conversion [77] have been proposed to overcome these factors, they are not implemented
in Trimaran. This dissertation uses superblocks for region-based optimizations due to their

consistently good performance.

5.1.4 Benchmarks used for evaluation

The Trimaran Infrastructure is currently supported by the benchmarks within
SPECint95 and Mediabench [44]. The benchmarks used for the analysis of the prediction
framework are shown in Table 5.1. The benchmarks from the Mediabench were included
because of increasing presence of multimedia applications in general computing and since
several embedded processors implement VLIW machine models. Among the Mediabench
benchmarks, video (mpeg), image(epic) and speech (rasta) benchmarks were used. Among
the SPECint95 suite, the benchmarks that passed all the compiler phases including su-
perblock optimizations were incorporated. The SPECint95 benchmarks that were not con-
sidered were the ones that ran out of virtual memory during compilation on the underlying
processor (a 733 Mhz dual processor machine with 1G virtual memory). All of the analyzed
benchmarks were run until completion. The profiler ran using one set of inputs and the
performance was analyzed using a different input set. For the SPECint95 benchmarks, the
train and reference inputs provided with the benchmark suite were used. The Mediabench

benchmarks used the two data sets provided with the benchmarks for training and analysis.

Benchmark Description
Mediabench programs ‘
epic Image data compression
rasta Speech processing
mpegdec Video decoder
SPECint95 programs ‘
compress Compression utility
li Lisp interpreter
ijpeg Image compression
m88ksim Chip Simulator
vortex Object-oriented database

Table 5.1: Description of Benchmarks

5.1.5 Usefulness Analysis Results

The usefulness analyzer was implemented on the above experimental infrastruc-

ture and Table 5.2 shows the fraction of predictions reduced due to the analysis. The Table



shows three columns for each benchmark. The first column indicates the total candidate
predictions. This number indicates the number of loads predicted if no usefulness analysis
was applied. This number does not include loads due to register spills since value predic-
tion is performed in the compiler before register allocation. The second column for each
benchmark indicates the number of loads predicted after applying the above algorithm.
In both cases, loads were predicted only if their prediction accuracy exceeded a threshold.
This estimation of predictability for an instruction was done by the profiler and is explained
in the next section. From the Table, it is observed that usefulness reduced the predicted
loads by approximately 85%. The third column shows this percentage reduction for each

benchmark.

Benchmark | Total candidate loads | Useful loads | Percentage reduction in predictions
epic 45 10 77.8
rasta 424 64 84.9
compress 306 45 85.2
mpeg2dec 443 103 76.7
li 487 68 86
m88ksim 1176 172 85.3
ijpeg 1989 307 84.5
vortex 2368 391 83.5

Table 5.2: Usefulness Analysis

The key features of the usefulness analyzer are

e a simple heuristic-based O(n) algorithm was able to effectively identify useful predic-

tions.

e usefulness information reduced the predictions by 85% on average.

5.2 Selective Profiling

The instructions deemed useful by the usefulness analyzer were profiled for pre-
diction accuracy. Several prediction schemes were used to analyze the value traces to test
the value predictability of the useful loads. The prediction schemes used for this analysis
include last value [49], stride [29], context-based [64] along with the path-based schemes de-
veloped in this dissertation and described in Chapter 4. Among the context-based schemes,
the finite context method (FCM) with R-5 context function [63] was used. Amongst the

path-based schemes, the per-path stride prediction and per-path last value schemes were




used because of their higher prediction accuracies and lower hardware requirements. Be-
sides individual schemes, the efficacy of hybrid prediction was also analyzed. Previous work
related to hybrid predictor design has focused on implementing at most three individual
prediction schemes and selecting the best scheme using saturating counters [76]. The disad-
vantage of implementing more than three schemes is that the learning time of an instruction
towards a specific prediction scheme increases. The hybrid configurations analyzed in this
dissertation involved three prediction schemes, namely last value, stride and a two-level
prediction scheme. The profiler analyzed three different hybrid configurations (1) hybrid of
last value, stride and FCM, (2) hybrid of last value, stride and PLV and (3) hybrid of last
value, stride and PS. Last value and stride prediction were always included because of their
simple implementation. For each instruction, the prediction accuracies for individual and
hybrid schemes were computed. Any instruction with the best prediction accuracy higher
than a fixed threshold was deemed as being predictable.

Before evaluating the overhead due to selective profiling, the tools available for

profiling within the experimental infrastructure are described below.

5.2.1 Profiling within Trimaran

The Trimaran Compiler Infrastructure consists of two kinds of profiling tools.

e Front-end profiler : This profiling tool instruments the program intermediate code
produced by the front-end of the compiler. The profiler is used to generate control

flow profiles to apply for function inlining and region formation

e Performance monitoring tool in simulator: This tool collects accurate program statis-
tics information and execution information generated during program execution. A

profiler is provided within the simulator and consists of the following two components:

o Lightweight profiler: This component analyzes the control flow behavior while
the program is being executed on the simulator. The statistics evaluated by
this component include cycle counts, resource utilization and dynamic operation

count.

o Trace-driven profiler: This component provides a larger range of information
to the compiler such as memory addresses accessed and cache behavior. Such

information is generated as a trace during simulation.

The performance monitoring tool is slower than the front-end profiler because

the former modifies the execution functionality of the simulator to collect raw data and



processes it into profile information. However, the generated information is more accurate
than the data emitted by the front-end profiler. In the latter case, the profile information can
become inaccurate by optimizations within the compiler back-end. Within the performance
monitoring tool, the trace-driven profiler is slower but produces more detailed execution
information than the lightweight profiler. Among these profiling tools, this dissertation
uses different profilers in different contexts. As shall be seen throughout the framework
implementation, the most appropriate profiler tool is chosen depending upon the amount

and accuracy of profile information required.

5.2.2 Profile Results

When selective profiling was implemented for value prediction in the front-end
profiler, the profile data did not correlate to execution statistics, even on the same program
inputs. The reason, as mentioned above, was that optimizations in the back-end of the
compiler contaminated the profile information. For instance, control speculation hoisted
instructions to execute the instructions a greater number of times than when they were
profiled. An instruction found to generate predictable values after profiling in the front-end
may get control-speculated above a branch during instruction scheduling, thereby increas-
ing its execution frequency. It is possible that the additional execution instances of the
instruction generate unpredictable values (corresponding to error conditions handled by the
branch above which the instruction was speculated). In such cases, if speculation was to be
turned off, control would not have reached the instruction by taking the branch. However,
turning off speculation would result in conservative instruction schedules.

Hence, to maintain high accuracy of profiles by profiling as late as possible, the
performance monitoring tool in the simulator was used to profile programs. Although profil-
ing each instruction was slower in the simulator than instrumenting in the front-end profiler,
one advantage was that the program size was not affected by additional code. This effect
is beneficial in terms of cache performance. Since instruction-level profile information was
required, the trace-driven profiler of the simulator was extended to generate values using a
tracer. Only the load instructions termed as being useful by the usefulness analyzer gener-
ated values in the trace. The prediction schemes discussed in the beginning of Section 5.2
were incorporated to analyze the values generated by the tracer. Both the trace generation
and analysis formed part of the implementation of the selective profiler and were performed
as the program executed on train inputs. Hence the overhead of selective profiling was in-
corporated within the program execution time. For profile accuracy, instructions were not

aliased with each other for all the schemes except FCM prediction. FCM predictors use a



two-level scheme [63] where the first-level table is accessed by the instruction’s address, and
the history of pattern values stored in this table are used to access the second-level table.
In case of the second-level table, since an exponential number of patterns would be gener-
ated, each pattern could not be allocated an individual table entry without running out of
memory. Instead a very large table (8M entries) was used to reduce aliasing. Figure 5.6
shows the percentage reduction in execution overhead due to selective profiling. The first
bar for each benchmark shows execution overhead when all the candidate load instructions
were profiled. The second bar shows the overhead when only the useful loads were pro-
filed. From the figure, we see that the execution overhead was substantially reduced due to
selective profiling. Note that the percentage reduction in execution overhead correlates to
the reduction in the number of profiled loads from Table 5.2. The exception is the case of
ijpeg where percentage reduction in execution overhead far exceeds the reduction observed
for any other program. In this case, the execution of the loads not found to be useful is
a significant part of the execution of the program. By avoiding these loads, the profiling

overhead is substantially reduced.
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Figure 5.6: Percentage execution overhead due to Value Profiling

The key features of the selective profiler were that

e trace-level simulation was used to analyze the values of instructions,

e individual prediction schemes as well as hybrid configurations were analyzed for pre-

diction accuracy, and



e incorporating usefulness information reduced the overhead of profiling substantially.

This framework component utilized the prediction schemes in its implementation.
The next section shows how these schemes were incorporated to perform run-time prediction

of values.

5.3 Predictor

The predictor component of the framework is designed in hardware to store the
run-time history for making predictions on values. The selective profiler used several differ-
ent prediction schemes and hybrid configurations to profile programs for prediction accuracy.
The design of the predictor needs to be configured to the most effective prediction schemes
and hybrid configurations. One way of doing so is to assign each instruction an entry in the
predictor table and configure this entry to the most suitable prediction schemes (from profile
data) for that instruction. Different instructions would be able to accurately predict val-
ues using different amount of prediction history. This approach can be applied in the static
VLIW domain since the most suitable prediction schemes can be determined for instructions
at compile-time. However, configuring the predictor entries for different programs would
require reconfigurable hardware. Another approach is to design a hybrid predictor with
multiple columns per entry to store the history for several prediction schemes. The actual
prediction schemes utilizing these columns for each predictor entry can vary for different
instructions (depending on the most profitable hybrid configuration for the instruction ac-
cessing that entry). The advantage here is that fixed hardware can be used and all predicted
instructions are not subject to the same prediction schemes. The latter approach is used
in this dissertation, and the following section describes this design and other details of the

predictor design.

5.3.1 Predictor Configuration

The value predictor was designed by analyzing the characteristics of different pre-
diction schemes and building the predictor around the most effective schemes. This design
was a one-time process in the framework and all benchmark programs for this optimization
used this designed predictor. The effect of individual optimizations was not important in
this general study of value predictability of programs since the analyzed information was not
used as profile data. Hence, the analysis was performed using the front-end profiler which
was faster than simulation. Using the front-end profiler also allowed the entire SPECint95

suite to be used for building the predictor. Figure 5.7 shows a distribution of predictable



instructions among the different prediction schemes. This figure shows a distribution of pre-
dictable instructions across the various prediction schemes. An instruction was deemed to
be predictable if its prediction accuracy was greater than a threshold of 65%. This thresh-
old was kept reasonably low to allow several instructions to qualify as being predictable.
Further reduction in the threshold value increases the percentage of mispredictions sharply.
For each scheme shown, the fraction of predictable instructions most accurately predicted
using that scheme is displayed. For example, in case of compress, 52% of predictable in-
structions are best predicted using last value, 7% using stride, 33% using FCM and so on.
As in the selective profiler, instructions were not aliased for all schemes except for FCM

prediction with the latter using a large second-level table (8M entries).
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Figure 5.7: Percentage predictable instructions best predicted by each scheme

From Figure 5.7, we see that a majority of the predictable instructions were best
predictable using last value prediction followed by FCM prediction. Stride and path-based
predictors account for about 10-15% of the predictable instructions. From this study we can
see that each of the analyzed prediction scheme is able to predict different fractions of the
instructions accurately. Although last value prediction seemed to outweigh other schemes
in predicting the most fraction, the other prediction schemes also need to be considered in
the predictor design. It is possible that hybrid prediction may be able to capture the various
prediction schemes in an effective way. In order to analyze the efficacy of hybrid prediction,
another study was performed. This study computed the fraction of predictable instructions
whose accuracy improved by hybrid prediction as compared to using a single prediction
scheme. This comparison would give insight about how often hybrid prediction was more

efficient in general than using a single prediction scheme. Each instruction was predicted
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Figure 5.8: Percentage predictable instructions (categorized by best scheme) that do not
improve using hybrid scheme

using the three hybrid configurations outlined in the selective profiler. Figure 5.8 shows that
about 50% of predictable instructions were best predicted using last-value prediction and
their prediction did not improve their prediction accuracy using any sophisticated hybrid
predictors. This study indicates that the about half the predictable instructions need only
a simplified predictor entry (for storing last value). The other half of the predictions require

more sophisticated prediction techniques.
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Figure 5.9: High-level view of Segmented Predictor

The instructions that are best predictable using their last value do not need any
additional history. On the other hand, the instructions that improve prediction accuracy
using hybrid prediction would require larger amounts of prediction history to be stored.
In order to accommodate both of these cases, the predictor was designed as a segmented

predictor having two partitions as shown in Figure 5.9. The first component stored the



instructions that needed only their last value for prediction and the second component
stored history for multiple prediction schemes. The hybrid partition is shown to have wider
entries since it needs to store history of multiple prediction schemes along with confidence
mechanisms. The partitions were created with equal number of entries since about half of
predictable instructions were best last-value predictable, as shown in Figure 5.8. The com-
piler would decide from the profile data, which partition to use for predicting an instruction.
This information would be annotated to the predicted instruction and used during run-time
prediction to store the predicted value in the appropriate partition.

The next section describes the design of the hybrid partition in detail.

5.3.2 Hybrid partition design
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Figure 5.10: Multiple-schemes Predictor Sub-component

The hybrid predictor designed in this dissertation incorporates previous predic-
tion schemes and the newly developed path-prediction schemes. As mentioned before, the
number of prediction schemes for hybrid prediction was restricted to three and the hybrid
configurations developed used last value, stride and a two-level prediction scheme. However
the hybrid configuration for an instruction was based on the predictability behavior of the

instruction. Since the predictions are decided statically by the compiler, it is possible to



select the prediction schemes most suitable for an instruction using profile data. Hence,
different hybrid schemes can be interleaved within the same underlying hardware structure.
Figure 5.10 shows the design of the hybrid component of the predictor. Each predictor entry
uses last value and stride prediction in the hybrid scheme. The third prediction scheme is
either FCM, path-based last value or path-based stride prediction scheme. The profile data
is used to determine which of the three prediction schemes is most beneficial for predicting
the instruction, and the instruction is predicted accordingly. Each of these three schemes
is implemented as a two-level scheme. The FCM entry is used for the instructions using
context-based prediction and the previous four values are hashed together to access the
second-level table. The PLV entry implements path-based last value prediction in a hybrid
fashion. The predictor table index is hashed together with the branch history register con-
tents to access the second-level table for the path-sensitive last value. Similarly the PS entry
accessed the path-sensitive stride using the branch history. In case of the PS entry, only
the lower 8 bits of the second-level table were used for the path-sensitive stride. Each of the
three types of predictor entries uses confidence bits to select the best prediction scheme.
Each of the predictor entries uses the same entry size in the first-level table. Hence
the same table entries can be used inter-changeably for the two prediction schemes (in case
aliasing cannot be avoided). In case of the PLV and PS entries, part of the table entry is
unused. Although it seems that the hardware is not being utilized efficiently, the number
of such cases are infrequent. From Figures 5.7 and 5.8, it was observed that the hybrid
component of the predictor is dominated by FCM entries and the percentage of path-based
entries are about 10% on average. Another observation from Figure 5.10 is that last value
and stride prediction were fixed for all entries allowing different hybrid configurations to be
interleaved (based on the third component of each entry which was consistently a two-level

scheme).

5.3.3 Static Predictor Assignment

One of the features of the predictor is that the instructions are statically selected
for predictions. This feature can be used to assign entries of the predictor table to the
instructions being predicted. This static assignment can be performed to reduce chances
of aliasing among different predictions. Aliasing has been shown to be a major concern in
value prediction tables, especially in limited size tables [56].

The algorithm developed for static predictor assignment is shown in Figure 5.11.
The algorithm allocates predictor entries to instructions and these entry indices are stored

in the instruction format. While making predictions, the entry index is read as part of



Assign_predictions(Table T, Predictions P)
( Eachtableentryt isassociated with a weight

w; = sum of profile weights of all assigned
predictionstoindex t )

If Sze(P) < Sze(T)
assign each predictionin P a unique table
entryof T

else for each prediction p, (i =1.. Sze(P))
Ifi < Sze(T)
assignthei,, tableentryof Ttop,
set w; = profile_weight(p,)

else
min = table entry with minimum profile
weight W,

assign the entry min to P,
Wi, = Wi, + profile_weight(p;)

Figure 5.11: Static Predictor Assignment Algorithm

the instruction. Details of the instruction format are provided in the section describing
the speculation transformer. The main idea of the algorithm of Figure 5.11 is to prevent
the more frequently executed predictions from overlapping. In case aliasing cannot be
prevented, less frequently executed predictions are aliased with the more frequently executed
predictions. Each predictor table entry is associated with a cost that is the sum of the profile
weights of all the predictions assigned to that entry. For each prediction the table entry
with the least cost is chosen for assignment. The complexity of the algorithm is O(n?)
where n is the number of predictions of the predictor. The algorithm is executed separately

for both the last value and hybrid partitions.

5.3.4 Prediction Accuracies

The above predictor design was implemented to predict program instructions. The
predictor was implemented as a 256 entry table because usefulness analysis from Table 5.2
indicated that the average number of predictions were usually in that range. The entries
were divided evenly into two partitions - last value and hybrid. The second level table,

used by path-based and context-based prediction, was selected to be 16K entries. The



second-level table was smaller than the one used in the profiler since the number of actual
predictions were reduced significantly as a result of usefulness analysis and profiling. The
recent four branches were used to estimate the path for path-based prediction. The predic-
tion table was also initialized by the compiler with estimated initial predictions. The initial
predictions of a program were available from its profile data and inserted in the predictor
table. Initializing the predictor reduced the learning time of a prediction scheme. In case
multiple prediction histories were stored for a table entry, an initialized value was inserted
for each of the histories.

Table 5.3 shows the prediction accuracies of the designed predictor. The table
shows three columns of prediction accuracies expressed as fractions for each benchmark.
The first column gives the prediction accuracy when no usefulness information is used to
filter the predictions. The second and third columns incorporate usefulness information. In
the second column, the program counter is used to access the predictor table. In the third
column, the static assignment algorithm is used to assign table entries to predictions. For
example, for the rasta program, the prediction accuracy without usefulness information is
77%. When usefulness information is applied and the program counter is used for table
accesses, the accuracy becomes 80%. In case of using the static assignment algorithm along
with usefulness information, the prediction accuracy improves to 91%. For each benchmark,
only instructions indicated as predictable by the profiler were predicted. A threshold of 65%
prediction accuracy was used to assign an instruction to be predictable.

From Table 5.3, it is observed that if usefulness information is not incorporated,
the prediction accuracy is low with an average of 60%. This average was lower than the
prediction threshold because of aliasing effects. Incorporating usefulness information im-
proves the accuracy for each benchmark. If static predictor assignment is used to access
the predictions, the accuracy is higher by 4% on average than when the program counter is
used for indexing.

The key features of the predictor component are as follows:

e The predictor table is partitioned using profile information. The smaller partitions

predict instructions that use simple prediction schemes,

e hybrid prediction is achieved by interleaving different hybrid schemes over the same

hardware, and

e static assignment of predictions to table entries reduces aliasing.



Benchmark | No usefulness | Usefulness, No static assignment | Usefulness and static assignment
epic 0.65 0.70 0.70
rasta 0.77 0.80 0.91
compress 0.55 0.66 0.67
mpeg2dec 0.58 0.78 0.78
li 0.45 0.69 0.71
m88ksim 0.82 0.93 0.95
ijpeg 0.43 0.70 0.71
vortex 0.44 0.81 0.87
Average 0.60. 0.73 0.77

Table 5.3: Prediction accuracy as a fraction

5.4 Speculation Transformer and Restorer

This section discusses the speculation transformer and restorer components of the
framework. The restorer was implemented both in software (static recovery) and hardware
(dynamic recovery). The functionality of the speculation transformer depends on the im-
plementation of the restorer. Hence both these components are presented together for each

of the static and dynamic case.

5.4.1 Static Recovery

Static recovery was implemented similar to previous work of [28] in which each
prediction is associated with a recovery block. This previous work speculates instructions
dependent on a single prediction. This dissertation extends this previous work by analyzing
multiple predictions within a region. Instructions dependent on several predictions are
allowed to execute speculatively, and static recovery for these cases is investigated.

Before presenting the static recovery model, the semantics of the speculation trans-

former are described.

5.4.1.1 Speculation Transformer

This framework component performs static code restructuring to incorporate value
prediction and speculation. In order to perform value prediction, the instruction set of
the VLIW architecture is extended. The extensions proposed in previous work [28] are
modified in this dissertation to make them more appropriate to the prediction framework.
The following operations are used by the speculation transformer. For each operation type,

the operands are shown in <> and any additional annotated bits are in parenthesis.



e Load Predict (LdPred < r >< TableIndx >): This operation reads the predicted
value from the index TableIndz of the predictor table. This operation is only used
for the predictions accessed from the hybrid partition of the predictor. In this case,
an additional cycle is required to read the predicted value because the second level
table may need to be accessed for prediction. Within the hybrid partition, the pre-
dicted value is selected based on the confidence measures of the individual prediction
schemes and loaded into register r. The confidence measure of the selected scheme
is speculatively updated assuming the prediction to be correct. On the other hand,
when the prediction is made from the last value partition, an additional cycle is not
necessary to read the value. The reason is that the last value can be accessed similar
to a register read within an operation. In this latter case, an explicit LdPred oper-
ation is avoided and the table index is encoded within the instructions that read the
predicted value for speculation. This way the speculated operation can be initiated in
the first cycle of execution of its parent block. Also, the use of an additional register to
store the predicted value is avoided, reducing pressure on the register allocator. This
functionality is provided by allowing operations to access the predictor table similar

to a register file read.

e Update Predictor (UdPred < r >< TableIndr >): This operation updates the
predictor entry TableIndr with the value r. This operation is executed during a
misprediction and is used for both the last value and hybrid partitions. In case of last
value prediction, the correct last value is inserted in the predictor. In case of hybrid
prediction, the correct value is inserted and the confidence counters are updated for

each prediction scheme.
All other operations are categorized as being speculative or non-speculative.

e Speculative operations (< Opcode >< dest >< src; >< srca > [Spec]): These
operations utilize a predicted value either directly or indirectly through some data
dependency. A speculative operation is executed similar to a generic instruction except
that predicted values are obtained either directly or indirectly through a previous
LdPred operation. An additional bit is added to the operation format (shown as

Spec) to specify whether the operation is speculative or not.

e Non-speculative operations (< Opcode >< dest >< src; >< srcy > [Spec]): These
operations utilize only correct (verified) values. Examples of non-speculative opera-

tions are stores and branches. Also, operations that do not depend on any prediction



are termed non-speculative. These operations also have an additional bit (Spec) which

is reset to distinguish them from the speculative operations.
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Figure 5.12: Example (a) Dependency Graph (b) Schedule with no prediction

Figure 5.13: Modified Dependency Graph due to prediction

To understand the significance of these operation forms, consider an example of
VLIW code scheduled on the modified machine. Figure 5.12 shows a dependence graph for
a sequence of operations. Assume the add, move and multiply operations are of unit latency
and the loads are of latency 3. This figure shows the schedule of the VLIW code without
any value speculation. The VLIW processor supports 2 memory operations and 4 ALU
operations within an instruction. For simplicity, the figure only shows relevant operations
per instruction and omits details of exact issue slots within an instruction. Operations 4
and 7, being loads and of high latency, are useful for prediction since they would allow
several operations dependent on them (5,6,8,9,10,11) to be speculated. Assume that the
value computed by operation 4 (r4) is last value predictable, while the value computed by
operation 7 (r7) is predictable using a hybrid predictor. The dependency graph modified
after prediction is shown in Figure 5.13. In this figure, the prediction of r4 is read by
operations 5 and 6 by encoding the table index for that prediction with the operations. On

the other hand, since r7 is generated using hybrid prediction, an LdPred operation is used



to store the predicted value into a separate register. The store operations (10 and 11) are

not speculated. The verification of the predictions are described in the next section.

5.4.1.2 Static Restorer

Verification of a predicted value involves re-execution of the original operation,
whose value was predicted, and a comparison with the predicted value. If the comparison
indicates a misprediction, the operations that were speculated using the predicted value
need to be re-executed for recovery. Static recovery in value prediction has been proposed
previously by creating a recovery block for each prediction [28]. This recovery block con-
tains the UdPred operation and operations speculated using the corresponding prediction.
After completion of recovery, control needs to be returned to the region performing the pre-
diction. In the context of superblock regions used in this dissertation, control cannot enter
a superblock anywhere except at the top. This problem is analogous to the elimination of
side entrances during superblock formation and is addressed using tail duplication [40]. In
this process, the operations executed in the predicted block subsequent to the verification
of the prediction are duplicated in the recovery block. A high-level view of a superblock
incorporating a prediction and its recovery block is shown in Figure 5.14. In this figure,
the shaded part of the superblock consists of the operations appearing after the verification
(indicated by the BRN E(Q operation) of the prediction. These shaded operations are du-
plicated in the recovery block for execution (along with UdPred and speculated operations)

in case of a misprediction.

Original Block
Predicted Block
LdPred
:> Recovery Block
UdPred
BRNEQ

Figure 5.14: Static Recovery using Tail Duplication

The above figure shows a case of recovery for a single prediction with a superblock
region. In case of multiple predictions within a superblock region, static recovery can be

performed in two different ways.

e Separate recovery block per prediction: In this case, a separate copy of the speculated

operations is created for each prediction. This case is shown in Figure 5.15. This



figure shows two predictions being performed. The operations appearing after the first
prediction check (BRN E(Q);) are duplicated in the recovery block 1 and operations
after the second check (BRN E()3) are duplicated in the recovery blocks 1 and 2. The
latter case of duplication is performed twice creating three copies of the operations
(shown in lighter shading). This redundancy is higher as the number of predictions in
a region is increased. Another effect of this approach is that an operation speculated
based on more than one prediction would appear in multiple recovery blocks. Such
an operation would be placed within the recovery block of each prediction that the
operation depends upon. Hence, code growth is the main issue when each prediction

is assigned a separate recovery block.
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Figure 5.15: Static Recovery for multiple predictions with separate Recovery Blocks

e Single recovery block for all predictions in a region: In this case, a single block incor-
porates all the instructions speculated within a superblock region. Based on which
predictions are incorrect, the corresponding speculated operations are re-executed
from the recovery block. The rest of the operations within the recovery block are nul-
lified using predication. The predicates are generate by the prediction checks. This
approach uses a new instruction BR_OR that ORs the predicates generated by the
prediction checks and branches to recovery code if the resulting predicate is true.
The instruction format of this operation supports up to four predicate inputs. Fig-
ure 5.16 shows the high-level view of this approach. The predicates are generated
during the verification of the predictions and ORed. Control transfers to the recovery
block in case any of the predictions is incorrect (when ps is true). The advantage of
this method is that recovery code is not duplicated multiple times as in the previous

approach. Also, mis-speculated operations are re-executed only once during recovery,



even if they depend on multiple predictions. An overhead to this approach is the

additional operation to OR all the predicates of the prediction checks.
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Figure 5.16: Static Recovery for multiple predictions with single Recovery Block

Cycle VLIW Instruction

lirl=a+b | LdPredrll|{r6=[T]*2

2(r2=r1*2 | r3=rl r8=r6+rll

3(r5=r2+[T]|LDr4(r3) [LDr7(r5 |r9=r11+r8

4

5

[ p1=CMP r4,[T] |p2=CMP r7,r11]

7 3=OR B plpgd —__

8 ST (r9)r8 | STMr6 r6=r4* 2 2p1r5=r2+r4 2p1UdPred r4 [T] | UdPred r7 [R]
r8=r6+r7 2p3 ST M r6
r9=r11+r82p:

ST (r9) r8

Figure 5.17: Static Recovery for Example of Figure 5.12

This dissertation uses the latter approach for static recovery of a single recovery
block because of its better performance in terms of code generation. Figure 5.17 shows the
VLIW schedule for the example of Figure 5.16 using a single recovery block. Within the
schedule, the speculated operations are lightly shaded while the non-speculative operations,
which depend on predicted values, are highlighted using a darker shading. The scheduler
chooses all operations dependent on the loads to be speculated except for the stores (op-
erations 10 and 11) which are non-speculative. The predictions are verified using compare
and branch operations that transfer control to the recovery code upon a misprediction. The
recovery block consists of all speculated and non-speculated operations. The speculated op-
erations are predicated using the predicates generated during prediction verification. The
performance of value prediction using static recovery is analyzed in Section 6 along with a

comparison with dynamic recovery.



5.4.2 Dynamic Recovery

Although static recovery allows the restorer to be completely implemented within
the compiler, there are some restrictions as a result of a complete software implementation.
Upon a misprediction, the control engine branches to the appropriate recovery block and
after the recovery code is executed, control is transferred back to the original code. Due
to the lack of any parallel execution between these two code forms, the original VLIW
code waits for any prior recovery code to finish execution whenever a misprediction occurs.
Another effect of software recovery is the frequent transfer of control due to additional
branches in the code. The branches incorporated to perform recovery on a misprediction
cannot be eliminated since the recovery code is executed only after verification of the pre-
diction. Whenever control is transferred to recovery blocks, the instruction cache would be
affected by these blocks. In order to accommodate the recovery blocks, the cache may evict
other useful blocks depending on cache replacement policies. Finally, in case of multiple
predictions in a region, static recovery either involves redundant computations, in case of
a separate recovery per prediction, or additional predicate computations when creating a
single recovery block for all predictions in a region.

Hence it is expected that value prediction would suffer some performance loss in
VLIW machines when it is performed aggressively and consequently when recovery code is
executed frequently. As we show later through experiments, the loss would be even more
significant for wider machines. This dissertation also develops an alternate implementation
of the restorer by designing specialized hardware and generating recovery code at run-time

as follows.

e Recovery code is generated dynamically during execution of the VLIW code with
value-speculated operations. Whenever value-speculation is performed at run-time,
the recovery code is produced and stored in a separate buffer called the Compensa-
tion Code Buffer (CCB). Hence the recovery code need not be scheduled statically
with the rest of the VLIW code. This design avoids code growth and does not impact
on the instruction schedule. Also, since the recovery code is not executed with the
statically scheduled VLIW code, the instruction cache is not corrupted by recovery

blocks.

e A dedicated hardware mechanism is provided in the architecture for the execution of
recovery code. A separate engine, the Compensation Code Engine, executes in
parallel with the original VLIW Engine. The two engines are synchronized so that

the VLIW Engine stalls upon a misprediction only if it requires a value that is yet



to be computed by the Compensation Code Engine. Otherwise the VLIW Engine is
allowed to continue execution while the Compensation Code Engine recovers from any
misprediction by re-executing any mispredicted operations in parallel. In this way, the
impact of the recovery code on the execution of scheduled VLIW code is minimized by
executing the two engines in parallel. Also, additional branches are avoided by having
a separate hardware mechanism that does not function based on control transfer from
the VLIW engine. Instead, the execution is synchronized with the static VLIW code

and, in this way, the instruction cache is not affected.

Instruction Memory

Instruction Fetch

Compensation
Value Speculated Code Buffer Queues
Operation/ L
Operand Values
vaue | Predicted Exeaution
Predictor | y/que Engine Ll
N . | Data
Write Buffer
Corrected Result |ssue
Logic
\ Execution
Engine
Dedicated Write Port

of Register File

VLIW Engine Compensation Code Engine

Figure 5.18: High-level view of Architecture with Dynamic Restorer

Figure 5.18 shows a high-level view of the architecture consisting of two separate
engines, executing in parallel. The VLIW Engine shown in the figure fetches instructions
from memory, decodes them and then executes them on its execution engine. An instruction
predicting a value accesses the predictor for the predicted value and enables other operations
to use the predicted value for speculation. In Figure 5.18, when a speculated operation is
encountered by the VLIW Engine, the operation is executed on the VLIW Engine. At the
same time, the decoded operation is sent to the Compensation Code Engine for buffering
and re-execution later if the speculatively computed value is found to be incorrect. A
prediction is eventually verified by the VLIW Engine when the original operation, whose
destination operand was predicted, is executed and the result is compared with the predicted
value. If a misprediction is detected, the correct values of the speculated operations are
computed by the Compensation Code Engine. The VLIW Engine may stall after detecting
a misprediction if the correct values have not yet been produced by the Compensation Code
Engine. This situation occurs when an instruction that is ready for execution consists of

a non-speculative operation that depends on a value which was previously predicted and



the prediction has not been verified yet. When all the operands of such an operation are
verified to be correct, the instruction is issued for execution.

The Compensation Code Engine buffers the speculated operations in the CCB for
execution in case of a misprediction. These operations have already been decoded by the
VLIW Engine. These decoded operations are executed on a simple pipeline engine in the
order they were fetched. Execution of an operation on the Compensation Code Engine
depends on whether or not the predictions made with the operands are verified as being
correct by the VLIW Engine. Hence, an operation is not executed on the Compensation
Code Engine pipeline until the outcomes of all predictions related to its operands are verified.
Information of a prediction outcome is sent by the VLIW Engine when it executes the
original predicted operation and compares the result with the predicted value. If prediction
of any operand was incorrect, the associated operation is executed on the Compensation
Code Engine pipeline and results are sent to the VLIW Engine. If all operands were
predicted correctly, the operation is flushed out of the Compensation Code Engine pipeline
since the VLIW Engine had already executed this operation with correct operands. The
Compensation Code Buffer consists of a number of queues. Each value accessed from the
value predictor is associated with a queue. Operations speculated using such a predicted
value are assigned to its corresponding queue. If an operation is speculated by multiple
predictions, it is assigned to the queue corresponding to the prediction which is verified
latest among the predictions. The reason is that misprediction of such an operation cannot
be initiated until all the associated predictions are verified.

The synchronization of the two engines is performed using a mechanism that spec-
ifies which operand values are being predicted in every cycle. This mechanism is modeled
as a register storing a bit for each value that is speculatively used. This register is called
the Synchronization register since it needs to synchronize the definition and usage of
predicted values. In order to model predictability, every speculatively computed value is
assigned a bit within the Synchronization register. A speculatively computed value can be a
predicted value coming from the predictor or any value computed by speculated operations.
Each speculatively computed operation sets a bit within the Synchronization register to in-
dicate the associated value is not verified yet. The bit is referred to as the synchronization
bit for the value. The bit value is eventually cleared when the prediction is verified and the
correct value is computed, if necessary. In case of a correct prediction, clearing of the bit
is done by the VLIW engine after verifying the prediction. For an incorrectly computed
value, the Compensation Code Engine clears the bit for the value after computing its correct

value. Instructions within the two engines are executed or stalled based on the bits of the



Synchronization register that correspond to the instruction operands. In order to do so, the
instructions are appended with bit indices of this register. The indices associated with each
operand are pre-determined statically by the compiler. The format of the instructions are

elaborated in the next section, which describes the speculation transformer.

5.4.2.1 Speculation Transformer

The speculation transformer exploits value prediction by speculating operations
dependent on the predictions in the instruction schedule. This method is similar to the
static case with the difference that the recovery code need not be generated at compile-
time. The Instruction Set Architecture(ISA) is extended to allow speculation of values.
As in the static case, an operation for predicting values is used and other operations are
classified as being speculative or non-speculative. Also, there is an operation that checks the
prediction and updates the predictor table. Also, operations are annotated with additional
bits for synchronization of the recovery code. These operations are described below. As in
the static case, each operation type displays operands in <> and any additional annotated

bits are in parenthesis.

e Load Predict (LdPred < r >< TableIndr > [Sync|[Queue]): This operation is
similar to the operation used in static recovery for reading the predicted value. The
additional information here is the bit index of the Synchronization register (Sync).
This bit index is set to indicate the corresponding value is predicted and not verified
yet. The operation is associated with an identifier Queue which is the queue within
the Compensation Code engine assigned to this prediction. This queue is initialized
to hold any operations speculated using the predicted value for re-execution in case
of a misprediction. The other difference from the static case is that this operation is
always used, even while accessing the last value predictor partition. The execution is
required for all cases because of the queue initialization and to set the corresponding
Synchronization bit. When performing last value prediction, similar to the static case,
the speculated operations dependent on this prediction can be initiated in the first
cycle using the table index as a source operand. Also, this operation updates the

confidence values of the predictor when accessing the hybrid partition.

e Speculative operations (< Opcode >< dest >< srcy >< sreg > [Sync][Queue][Spec]):
The format of a speculative operation includes a field corresponding to bit indices of
the Synchronization register. The first bit Sync is the synchronization bit of the com-

puted value, which is set by this operation. The other bit Queue corresponds to the



queue within the Compensation Code Buffer where the operation is placed. The Spec

bit specifies the operation to be speculative.

e Non-speculative operations (< Opcode >< dest >< src; >< srcg > [Syncy][Synea][Spec]):
These operations require correct operand values for execution. Each non-speculative
operation is associated with a pair of bit indices of the Synchronization register. These
bit indices correspond to the source operand values of the operation. The operation
is not executed until the bits corresponding to these indices of the Synchronization
register are reset indicating the source operands to be correct. Any predicted value
is eventually verified (and corrected if necessary), and the associated Synchronization
register bit is cleared. Before issuing a VLIW instruction, all the bits of the Synchro-
nization register for non-speculative operations within the instruction are checked
whether any of these bits are set and in that case, the entire instruction is stalled.
Also, the Spec bit in the instruction format is set to zero indicating the operation to

be non-speculative.

e Check Predict (Ch < dest >< mem >< pred > [SyncIndices][TableIndz]): This
operation performs the verification of the prediction and the predictor update. The
operation executes the original load operation from memory location < mem > |
compares the result with the predicted value < pred > and sends a signal to the com-
pensation code engine. Upon a misprediction, the predictor table index TableIndx
is accessed to update the predictor. This operation substitutes the original load op-
eration and incorporates the comparison. The motivation of using this operation is
to avoid branches and instead use hardware to synchronize recovery. The operation
has latency one cycle greater than the latency of the load because of the additional
check. Upon execution, this operation clears bits within the Synchronization register
(SyncIndices) that are related to the predicted value. These bits include one for the
LdPred predicted value, which is always cleared after checking prediction regardless
of the comparison result, since the correct value is computed along with the compari-
son. Besides this bit, this operation may clear bits that correspond to the operations
speculated using the LdPred predicted value. These bits are cleared if the comparison
is found to be successful. In case the comparison is not successful, the Compensation
Code Engine would compute the correct values for these speculated operations and

clear their bits.

Figure 5.19 shows the usage of these operations. This figure corresponds to the

example of Figure 5.12. For each operation, the operands are shown along with annotated
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Figure 5.19: Example of Figure 5.12 incorporating prediction with Dynamic Recovery

bits. In this figure, the two values are predicted using LdPred operations. Each of these
operations initialize a compensation code buffer queue (shown as [@n]) and set a bit within
the Synchronization register, shown as [n]. The speculated operations (in lighter shading)
access a particular queue to place a copy of the operations. They also store the synchroniza-
tion bit of the computed value ([n]). In cases when the speculated value depends on both the
predictions (operations 8 and 9), the queue that stores the operations is the one correspond-
ing to the latest verification. In this example, both the check predictions are scheduled in
the same cycle. In such cases of multiple checks qualifying as the latest, the check scheduled
right-most within the instruction cycle is assumed to be the latest verification. Hence, in
the example, the check prediction testing r7 is assumed to be the latest verification for op-
erations 8 and 9. The non-speculative operations (occurring in darker shading) incorporate
synchronization bits corresponding to their source operands. The schedule in the example
has an improvement over the original schedule with no value speculation by 2 cycles.
Figure 5.20 shows the dynamic schedules of the example of Figure 5.12 that would
result if loads were mispredicted. In case both the predictions are correct, the schedule at
run-time is the same as Figure 5.19. Besides the VLIW schedule, the figure also displays
the code executed on the Compensation Code Engine pipeline. The annotation bits have
been omitted from the schedules for readability. Let us consider each schedule one by one.
Figure 5.20(a) shows the schedule for the case when the value of 7 is predicted
incorrectly. The misprediction is detected in cycle 6 when the check predict operation for
loading register r7 completes execution. The prediction for register r7 had resulted in
speculation of other operations. These need to be recomputed by the Compensation Code
Engine. Execution within the Compensation Code Engine does not begin until cycle 7
since the check predict operations complete execution in cycle 6. Execution on the VLIW
instruction is stalled until the Compensation Code Engine computes the values of register

r8 and 79 (required by the non-speculative operation in cycle 9). Note that although
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Figure 5.20: Run-time schedules of Example of Figure 5.12 (a) Schedule for operation 7
mispredicted (b) Schedule for operation 4 mispredicted (¢) Schedule for both predictions
incorrect

the schedule of the VLIW code is statically computed, the stalling and issuing of VLIW
instructions depends on run-time prediction and verification of values.

In Figure 5.20(b) the value of register r4 is mispredicted. The VLIW Engine is
informed of this misprediction at the end of cycle 6, when the check predict operation form
of loading register r4 completes execution. The recovery code in this case is larger, since
the number of value-speculated operations that are data dependent on r4 is greater than
the ones dependent on r7. Figure 5.20(c) shows the code in case both the values were
mispredicted. Here, the code executed on both the engines is same as the code executed
for the previous case. The reason is since the recovery code is the same whether the load
operation 4 was mispredicted or both the load operations were mispredicted. From the
example, it can be seen that whenever prediction is performed, the total cycle count is

better than the case when code is re-executed using static recovery (Figure 5.12).

5.4.2.2 Dynamic Restorer

This section describes the restorer component in detail. This framework compo-
nent is implemented in hardware and includes the Compensation Code Engine along with
slight modifications in the original VLIW engine. Details of these engines are given below.

Primary VLIW engine: The VLIW module of the architecture is similar to a
conventional VLIW machine and is shown in Figure 5.21. The additional hardware includes

the Synchronization register within the register file, as shown separately in the figure. Upon
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Figure 5.21: VLIW Engine Architecture

fetching a VLIW instruction from memory, the extended decoder logic decodes and executes
the individual operations within the VLIW instruction. In case any operation is a LdPred
operation, the predicted value is fetched from the value predictor. The LdPred operation
is not issued to any functional unit since it uses a predicted value. The predicted value is
sent to the Compensation Code Engine to be stored for any operation to use later. This
LdPred’s predicted value is later verified by the corresponding check predict operation and
updated if the prediction was incorrect. Speculated operations using the predicted value are
sent to the CC engine. In case the decoder encounters an LdPred or speculated operation,
it sets the corresponding synchronization bit. Upon computing a predicted or speculatively
computed value, the VLIW Engine also sends the result to the Compensation Code Engine.
This allows the Compensation Code Engine to read these values locally without accessing
the register file of the VLIW Engine. If the value computed by a speculated operation is
incorrect, the Compensation Code Engine computes the correct value and writes to the
register file through a dedicated write port.

If there are any non-speculative operations in the current VLIW instruction, these
operations can only be issued if their operand values are verified and correct. These values

are found to be verified when the synchronization bits for the source operands are cleared.
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Figure 5.22: Compensation Code Engine Architecture

These bits are cleared by either a check predict operation or by the Compensation Code
Engine. If the decoder encounters an operation that has a check predict form, the operation
is issued to a memory unit for loading the correct value. The memory unit is enhanced
to provide the capability for performing a comparison. Upon completion of execution, the
computed value is compared with the LdPred predicted value stored in the register file. If the
comparison is successful, the synchronization bits for the values computed by speculated
operations dependent on the LdPred predicted value are cleared. If the comparison is
unsuccessful, the register file is updated with the correct value. The synchronization bit
corresponding to the LdPred predicted value is cleared in either case. Also the comparison
result and correct value are sent to the Compensation Code Engine to update the predicted
value stored there.

Compensation Code Engine: The Compensation Code module incorporates
a simple engine that performs in-order execution of speculated operations. The order of
execution of the operations is the same as the order in which they are received from the
VLIW Engine. The components are shown in Figure 5.22. The speculated operations are
inserted in this buffer as they are executed on the VLIW Engine. In the design of the

Compensation Code Engine, four queues have been provided within the buffer allowing at



Operand Type Initial State Final State Condition
Predicted using LdPred Prediction Mispredicted Operand value mispredicted
not verified Correct Operand value correctly predicted
Predicted by being Recomputation | Recompute Associated prediction incorrect
speculatively computed not verified Correct Associated prediction correct
Correct Correct Correct Always

Table 5.4: State Table of Operand within Compensation Code Engine

most four active predictions at the same time. More than 90% of the regions had the number
of useful predictions less than or equal to four and hence the number of queues was restricted
to this number. In case of regions with useful predictions exceeding four, only the first four
predictions within the region were made. Upon a procedure call, the contents of the buffer
are saved on the stack. During every cycle, the head of each non-empty queue is analyzed
for execution. Operations that are inserted in the CCB may not always get executed by
the Compensation Code Engine. They are only executed in case they were incorrectly
speculated and the synchronization bit is also cleared in this case. If the operand values
of a speculated operation were correctly used within the VLIW engine, the Compensation
Code Engine does not need to re-execute the operation. Instead, the operation is flushed
as shown in the figure. Hence, the values of the operands are always sent along with the
operation but these values may or may not be used by the Compensation Code Engine. In
the design of the Compensation Code Engine, a single functional unit capable of executing
ALU operations is provided allowing one operation to be recovered per cycle. In case more
than one operation is eligible for re-execution, the operation corresponding to the earliest
prediction is chosen. In order to do so, each queue is stamped with the time it is initialized.

Each operand is assigned a state depending on how it is computed and whether
its value is correct or not. An operation is issued for execution based on the states of its
operands. Table 5.4 shows an operand can be either predicted using LdPred, predicted by
being speculatively computed, or correct. If the operand is predicted using LdPred, it is
assigned an initial state of not being verified. Once the associated check predict operation
is performed, the operand’s state is marked as either correct or needing recomputation,
depending on whether the prediction is correct or not. If an operand is predicted by being
speculatively computed, the initial state denotes that it is not known yet if the operand’s
value needs to be recomputed within the Compensation Code Engine. When the associated

LdPred prediction is verified, the state is updated to either correct or marked for recompu-
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Figure 5.23: VLIW Schedule and Execution Trace

tation. The last case occurs when the operand does not involve any prediction, directly or
indirectly, through any dependence and its state is marked as being correct.

The issue logic of the Compensation Code Engine avoids execution of any opera-
tions other than those required to recover from mispredictions. To execute only the required
operations, each operation is assigned a state of either being stalled, issued for execution
or flushed. These states are derived directly from the states of the operands. If any of
the operands is in a state of not being verified, the operation waits for the correct values
before being issued for execution. This implies the Compensation Code Engine stalls if
an operand’s value is not verified yet. An operation is issued for execution if none of its
operands is in the state of not being verified and if one or more of its operands is in a state
requiring recomputing. The latter condition happens if any of the operand’s value was
mispredicted leading to the operand’s state being marked for recomputing. In such a case,
the operation would need to be executed locally with the correct operands. If all operands
are in the correct state, the operation is flushed since the correct values would already have
been computed by the VLIW Engine.

In order to store the values needed by the Compensation Code Engine, a buffer

is provided in the architecture called the Operand Value Buffer (OVB). It stores the



operand values as well as bits for the type and state associated with each operand value.
An entry is inserted into the buffer when the VLIW Engine sends the decoded operation
along with the operand values. An entry is updated on different conditions for the different
operand types. If the operand is predicted, its entry gets updated by the VLIW Engine
when the prediction is verified. For an LdPred predicted value, the update is for both
the value and state. For a predicted operand that was speculatively computed, the state
update is similar but the value is corrected upon a misprediction only after the operation
computing the value is executed within the Compensation Code Engine. An operand value
that is correct does not need to be updated.

The operations are initially fetched from the CCB and the operand values are read
from the OVB. The operands are checked to see whether the operation needs to be executed.
The operation behaves according to the states of the operands, as mentioned above. After
execution of an operation on the recovery code pipeline, if the computed value is required
by a subsequent operation, it is written to the OVB (besides being always written back to
the register file of the VLIW Engine).

The entries of the OVB can be traced for the Figure 5.20 example. Figure 5.23
considers the case of Figure 5.20(c), when the value in register r4 is correctly predicted and
the value in register 7 is mispredicted. The scheduled VLIW code along with the recovery
code is shown to the left in the figure. The contents of the OVB and CCB are shown next
to each other for each cycle. Each entry of the OVB is labeled as v, where n is the register
number storing that value. Hence v8 is the value computed and stored in register 8. Note
that there may be more than one speculated value for a particular register but this is not
the case in the example shown. To make the figure more readable, we do not show the
correct entries (having no prediction) in the OVB. The speculated operands have the state
S while the predicted operands have the state P. Also the states from Table 5.4 are denoted
as follows. State PN denotes the state of the operand’s prediction to be not verified while
state RN is the state of the operand’s recomputation not verified. State C' is the state of
the operand’s value being correct while R is the state requiring recomputation.

In the figure, the contents of the CCB and OVB are shown after execution of each
cycle. Before execution, there are no entries within these buffers. When the first cycle
completes, the values of register 74 and 7 are sent to the Compensation Code Engine and
stored in the OVB. These values are assigned the status of not being in the verified state
(PN). Also, a copy of the speculative operation computing r6 is added to the Compensation
Code buffer. This operation speculatively computes register r6 within the VLIW Engine

and stores the value in the Value buffer. A state value of RN relates to the default initial



state for the speculated value. Similarly, the speculated values of the registers 5, 8 and r9
are added to the OVB in the next two cycles and the corresponding speculated operations
are placed in the CCB. Notice that two separate queues corresponding to the two predictions
are used for storing the operations. The first queue stores the operations dependent on r4.
Operations computing 78 and r9 depend on both predictions. They are placed in the queue
for r7’s prediction because an operation is stored within the queue of the prediction which
is verified last?.

In cycle 6, the predicted values of register 4 and r7 are verified and their cor-
responding states in the OVB are updated. Since r4 is correctly predicted, the state is
updated to that of being correct. The speculated values v5 and v6 are dependent on 74 and
are deemed to be correct. On the other hand, the value of r7 is found mispredicted and its
state is updated as mispredicted. The dependent values v8 and v9 are set as requiring re-
computation and subsequent cycles re-execute each one of the two operations. These values
are sent to the VLIW Engine to allow any stalled non-speculative operations to execute.
In this example, the store operations are non-speculative and eventually execute in cycle
9. On the other hand, the correctly computed operations (v6 and v5) can be discarded in
parallel with the recomputation in cycles 7 and 8 because they are present in a different

queue.

5.5 Experimental Results

To evaluate the efficacy of the value prediction framework, experiments were per-
formed to study the performance of a conventional VLIW machine. The underlying machine
model used was a 8-wide VLIW consisting of four ALUs, two memory units, one floating-
point unit and one branch unit. The machine used 128 general purpose registers along
with 64 floating-point and 128 predicate registers. The value predictor was implemented
as explained in Section 5.4 and consisted of 256 entries partitioned equally into last value
and hybrid predictor components. The second-level table consisted of 16K entries. The
threshold of load prediction (from value profile) was kept at a percentage of 65%. Each
predicted load was allowed to speculate up to four dependent operations. The performance
of the value prediction framework was evaluated for both the static and dynamic recovery

cases.

Zalthough the rightmost check within a VLIW instruction is assumed to be the latest among all the checks
within that instruction, it is possible to use any other policy, such as left-most check, without any loss in
efficacy



Benchmark ‘ Best case ‘ Worst case
SPECint95 programs
compress 0.91 1.07
li 0.87 0.99
m88ksim 0.89 0.99
ijpeg 0.92 1.13
vortex 0.80 1.03
Mediabench programs
epic 0.91 1.15
rasta 0.92 1.05
mpeg2dec 0.95 1.05

Table 5.5: Schedule lengths of blocks with speculated operations as a fraction of schedule
length with no prediction

Benchmark ‘ Ratio for issue width=8 ‘ Ratio for issue width=16
SPECint95 programs

compress 0.91 0.83

li 0.87 0.73

m88ksim 0.87 0.78

ijpeg 0.92 0.84

vortex 0.80 0.71
Mediabench programs

epic 0.91 0.81

rasta 0.92 0.90

m88ksim 0.95 0.83

Table 5.6: Schedule length of best case for different issue widths

5.5.1 Dynamic Recovery

In case of dynamic recovery, the efficacy of the modified architecture with the
compensation code engine was initially evaluated. This evaluation was done by observing
the schedule lengths of the blocks due to value prediction. Table 5.5 shows the effective
schedule lengths of the blocks incorporating prediction (calculated after including cycles
for recovery code) as a fraction of the schedule lengths of the original blocks (with no
predictions). The best case column indicates the case when all predictions within a region
were correctly predicted, and the worst case gives the case when all predictions within a
region turned out to be incorrect. As an example, for the compress benchmark, the schedule
length in regions where predictions were made, reduced by 9% on average when all of the

predictions were correct. For all of these regions, the schedule increases by 7% on average
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Figure 5.24: Performance for Dynamic Recovery

when all the predictions were incorrect. In the best case with all correct predictions, the
schedule length reduces by about 15% on an average. In the case when all of the predictions
within a block turn out to be incorrect, the schedule still manages to improve for some of the
cases. This improvement is due to the the additional execution power of the compensation
code engine allowing recovery code to execute in parallel with the original VLIW code.
The machine width used for the above results was varied to observe performance for
different architectures. The effect of recovery code was also analyzed on a 16-wide VLIW
machine, and Figure 5.6 shows the best case for each benchmark. From the figure, we
observe that for the higher issue width, the improvement in block schedule length is higher.
This result occurs because in order to create greater degrees of parallelism, an increased
amount of speculation is performed. This observation is similar to previous studies in the
superscalar domain [34, 31] that observe the benefits of value prediction to increase as the
instruction window grows. In the wider machine, it was also observed that the processor
spent less time in executing the correctly predicted code and the likelihood of mispredictions
and execution of recovery code increased. Hence, the impact of executing recovery code on
overall performance is higher for a wider machine. This observation reinforces our earlier
assertion that the effect of recovery code is more significant for wider machines.
Performance speedups were computed by computing the cycle count in the simu-
lator and comparing against the case when no value prediction was applied. In both cases,
programs were compiled by turning on all optimizations. Value speculation was performed
along with the other optimizations in the compiler back-end, and prior to the scheduling

and register allocation phases. Figure 5.24 shows the performance speedups using dynamic



recovery. From the figure, it is observed that speedups are mostly in the range 1-7%. The
integer benchmarks benefit more than the Mediabench benchmarks. In the latter case, suf-
ficient instruction-level parallelism exists and there are not enough opportunities to extract
additional parallelism. As we shall see in the next chapter, these benchmarks are more
suitable for overcoming resource dependencies when the machine model cannot handle the
parallelism available in the program. Amongst the integer benchmarks, the performance for
most of the benchmarks is in the range 5%-7% with the exception of ijpeg. The latter bench-
mark does not perform as well as the others. The reason is that the amount of register spills
is higher in case of ijpeg than the other benchmarks shown. These spills subsume some of
the performance benefits of value prediction. Register spills are a concern in all benchmarks
since value speculation increases the amount of parallelism, and thereby increasing register
pressure. In case of ijpeg, the effect of spills is most noticeable. An integrated approach
that performs register-sensitive value speculation would reduce the impact of register spills
on the performance. One of the limitations of performance in case of dynamic recovery
is that recovery was kept to one operation per cycle. The compensation code engine was
designed to be simple with a single functional unit. With more sophisticated designs, the
performance of dynamic recovery can be further increased by recovering multiple operations
in parallel.

The additional functional unit used in the compensation code engine is utilized
for handling speculative instructions. Another way to use extra functional units within
the architecture is by re-compiling the entire program and executing it non-speculatively
on the wider machine. The latter case would not be beneficial for wide VLIW processors,
which are the primary focus of the value prediction optimization. The reason is that a wide
machine already has sufficient resources for execution and its performance critical path is
dominated by the dataflow barrier within programs [34, 31]. This concept is the motivation
behind using extra functional units for dynamic recovery in value prediction. The VLIW
machine incorporating dynamic recovery was compared to a machine model using an extra
ALU for executing non-speculative code. The performance of the former model was better
by 2-3% in terms of speedups suggesting that incorporating the compensation code engine
is a more appropriate usage of additional functional units. This observation is expected to

be more significant as the machine width increases for next-generation VLIWs.

5.5.2 Static Recovery

The performance of the prediction framework using static recovery is shown in

Figure 5.25. For this case as well, value prediction was applied along with the entire suite
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Figure 5.25: Performance for Static Recovery

of back-end optimizations, prior to scheduling and register allocation. From the figure,
it is observed that performance is not as good as the dynamic recovery. The speedups
are lower in this case averaging 3-4%. One of the reasons why static recovery does not
measure up to the dynamic case is because the latter involves better recovery handling.
As elaborated in Section 5.52, run-time generation of recovery code has less misprediction
penalty and also can handle prediction of multiple loads within a region more efficiently.
In most of the benchmarks, the performance degrades by about 2% from the dynamic
recovery case. In case of m88ksim the speedup using static recovery is almost the same as
speedup for the dynamic recovery case. The reason is that m88ksim displays high prediction
accuracies (as seen from Table 5.3) and hence, the effect of recovery code is not noticeable
in either implementation of the restorer. One of the limitations of static recovery is that
the underlying compiler infrastructure constrains the performance of value prediction. The
compiler uses superblock regions for scheduling and other optimizations to expose greater
parallelism than basic blocks. These superblocks may not be the most appropriate regions
for static recovery because they lead to fragmentation while generating recovery blocks.
Figure 5.14 showed this process of recovery block generation. The overheads involved in
executing the additional branches due to this fragmentation subsume part of performance
improvements. Hence, unlike dynamic recovery case, the average schedule length fraction
for regions with prediction in the worst case (of Table 5.5) was higher than 1.1 for all
the benchmarks. One of the advantages of static recovery is that the VLIW processor is
not modified unlike the dynamic case. The latter case involves an additional execution

engine for recovery. Though the Compensation Code Engine involves an additional ALU



for recovery, it is also possible to design it without any additional functional units. In that
case, the functional units of the original VLIW engine can be reused for dynamic recovery.
The Compensation Code Engine would only consist of a buffer to store the speculated
operations at run-time along with control logic to perform the dynamic recovery.

From the above results, it can be concluded that value prediction is able to improve
performance of VLIW processors. When mispredictions are recovered dynamically, the im-
provements are higher than the static case. Mispredictions are observed to be a significant
factor in the performance of value prediction. Executing recovery code dynamically restores
mispredictions in parallel with the VLIW code and also avoids any overhead of static code
size increase. Dynamic recovery involves the architecture to consist of an additional engine
executing recovery code besides the conventional VLIW engine. The additional engine is a
simplified in-order pipeline engine synchronized in execution with the VLIW engine. The
synchronization may incur additional latency which can affect the cycle time. It is possible
to prevent cycle time increase by masking the synchronization with other pipeline opera-
tions executing in parallel. A low-level simulation of the machine design would determine
the exact effects of the additional engine on the pipeline latency. Although performance
with static recovery does not measure up to dynamic recovery, there is no hardware over-
head in the former case. In case hardware complexity is critical in the VLIW processor,
value prediction should be applied with static recovery. The above results also show value

prediction to be more significant for wider issue machines.



Chapter 6
Bit-width Prediction Framework

6.1 Motivation

As processors have evolved to support wider instruction words, there has been
an increase in the opportunities to optimize data widths. Although newer processors sup-
port up to 64 bits of data, the applications running on these processors rarely require the
entire data width. There has been some work with compiler optimization and computer
architecture to exploit data width by packing several operations together to execute on a
single functional unit [8, 42]. Most of this work has focused on superscalar processors utiliz-
ing sub-word parallelism to pack similar (homogeneous) operations with narrow operands.
This dissertation evaluates packing of multiple narrow operands on VLIW processors. In
particular, the prediction framework was used to develop an optimization, called bit-width
prediction, that predicts operand width of instructions.

Several commercial processor ISAs provide support for SIMD operations specif-
ically targeted towards multimedia benchmarks. These benchmarks benefit greatly from
SIMD synthesis because they typically operate on 16-bit data. Since multimedia appli-
cations are common for embedded systems, packing operations to synthesize SIMD-like
instructions is very promising in this domain. However, as embedded systems move toward
an EPIC-style Very Large Instruction Word (VLIW) computing model, previous work with
SIMD synthesis for superscalars is not directly applicable and there is a strong need to
address scheduling for narrow data types on VLIWs. The importance of optimization for
embedded VLIWs is underscored by the popularity of recent architectures such as Starcore’s
SC140, Texas Instrument’s TMS320C6201, and Transmeta’s Crusoe. These processors are
resource-constrained due to the stringent cost limitations of embedded systems. By pack-
ing narrow width operations to execute on a single functional unit, we can take better

advantage of hardware resources. The bit-width prediction technique in this dissertation
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targets embedded VLIWs with limited hardware resources, although it is also implemented
for wider VLIW machine models.

In the context of VLIW processors, exploiting narrow data widths has several
unique challenges. These challenges are in addition to the challenges pertaining to the
prediction framework which were outlined in Chapter 3. Among these additional chal-
lenges is how to detect the width of operands for the compiler to exploit during scheduling.
One approach to determine width is by using dataflow analysis to compute bounds on the
operand widths. Static bitwidth analysis has recently been proposed in the context of syn-
thesizing reconfigurable architectures to identify the width of operands [72]. Although this
information is accurate, it is conservative and cannot consider run-time information such
as program input within the analysis. In the bit-width prediction optimization developed
in this dissertation, a feedback-directed approach is used to predict the width of operand
values and speculatively pack narrow operations on a functional unit. This approach fits
well within the prediction framework which is driven by profiling.

A high-level example motivating the use of feedback in bit-width prediction is
shown in Figure 6.1. For simplicity, assume all the operations shown to be ALU oper-
ations of the same type and the underlying processor to have two 32-bit ALUs. This
machine restriction results in the instruction schedule shown on top of Figure 6.1. The
scheduled program is initially instrumented to collect profile information about the width
of instruction operands. The program is executed with training inputs to gather the profile
information. Assume that profiling information indicates operations 3 and 4 to always have
16-bit operands. The program’s intermediate representation(IR) is annotated with this in-
formation. Next, the compiler uses the annotated IR to generate an instruction schedule
that packs operations 3 and 4 on the same ALU. The schedule length is now improved by
one cycle due to the packing. Here, bit-width prediction is able to improve the schedule
because the underlying machine model cannot handle all the available parallelism within
the application. Notice that if additional ALUs were present in the machine, bit-width
prediction would not improve the schedule, implying that the technique is more suitable for
resource-constrained VLIWs. Since profile information is used for prediction, it is possible
that the either of the operands of operations 3 or 4 spill over 16 bits during execution and
appropriate recovery mechanisms need to handle such cases.

Another issue in implementing bit-width prediction is whether there are enough
opportunities to make static scheduling of narrow width operations worthwhile. In previous
work related to operation packing [42, 8], only operations of the same type were combined

together for parallel execution on a functional unit. For VLIW architectures, there is a
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Figure 6.1: High-level view of Feedback used for Bit-width Prediction

unique opportunity to combine narrow width operations of different types without requiring
significant hardware modifications. By adding support for heterogeneous operations, bit-
width prediction can uncover more opportunities for improving performance. However,
the VLIW machine model involves an additional challenge of fetching packed operations
in the same instruction word. From Figure 6.1, the schedule in the second cycle after
packing requires an additional operation to be fetched. The limited fetch bandwidth of the
processor may not allow fetching of additional operations in an instruction word. The fetch
bandwidth can be increased to accommodate the additional operations but at the cost of
increased processor complexity. Another approach is to create special (SIMD) operations
that operate on multiple data streams. However, this approach limits the operations packed
together to be of the same type and is unable to exploit the opportunities of packing
heterogeneous operations. Hence, the prediction framework needs to address the issue of
exploiting operand width effectively without a substantial increase in complexity of the
underlying processor.

The following sections describe the prediction framework components built for

bit-width prediction.

6.2 Prediction Schemes

The first step in utilizing the prediction framework was to design the prediction
schemes for operand widths. These prediction schemes would estimate the predictability
of operand widths indicating the potential of implementing bit-width prediction. Although
researchers have exploited the width of operands for performance and power, there has been

no previous work relating to prediction of operand widths. The advantage of predicting bit-



width is to be able to pack operations on the same functional unit based on the predictions.
In context of VLIW processors, the instructions are scheduled at compile-time and packing
needs to performed statically. Hence, bit-width prediction should be implemented statically
for a VLIW processor to allow the compiler to utilize these predictions during scheduling.
The effect of static prediction of operand widths is investigated for accuracy. Amongst
the functional units, only ALUs were analyzed for packing with multiple operations in this
dissertation. It is infeasible to pack multiple load or store operations on a memory unit since
the address bus can access only one memory location per cycle. Also, in the benchmarks
used for experiments, floating-point operations accounted for a negligible fraction of total
operations and hence, were not analyzed for bit-width prediction.

Initially, several benchmark programs were analyzed to observe the size of the
operands of instructions. All the benchmarks in the suite used for evaluating the value
prediction framework (introduced in Table 5.1) barring vortez are used in this chapter for
testing bit-width prediction. Bit-width prediction was developed for embedded processors
and a large benchmark like the object-oriented database, vortez, is not likely to be used
in the context of embedded processors. Instead, another Mediabench benchmark, G721dec
(voice decoder), was added to the benchmark suite. Table 6.1 shows the percentage of inte-
ger arithmetic operations that are narrow enough to be packed with other similar operations.
The table shows a distribution of 32-bit operations that have all operands within 16 bits and
8 bits during the entire program execution. For each benchmark, the dynamic percentage
column shows the fraction of total executed arithmetic operations that have all operands
within 8 or 16 bits. The static percentage column shows the percentage of the arithmetic
instructions in the static code that always have narrow operands. The benchmarks in the
table include SPECint95 programs as well as Mediabench programs. The underlying pro-
cessor uses a 32-bit wide datapath. From the table, it is observed that a large fraction of
operations in the benchmarks have narrow operands. These numbers are not only apparent
in the multimedia benchmarks, but also the SPECint95 benchmarks display the potential of
finding operations with narrow operands. This observation suggests several opportunities
to identify narrow operands for packing on an ALU. When the benchmarks were executed
with different inputs, the difference in percentages of narrow operand widths was minor and
always less than 5%. This latter observation motivates the use of profile data to predict
which operations would typically have narrow width operands.

The granularity of operand size that was analyzed in the above benchmarks is
at the byte-level. It is also possible to analyze operand sizes at finer granularity, such

as at the bit-level. Finer granularity analysis increases opportunities to pack operations



Benchmark Percentage of instructions
all operands always <= 16bits | all operands always <==8bits
Static ‘ Dynamic Static ‘ Dynamic
SPECint95 programs
compress 70.1 60.3 35.7 23.5
li 42.7 40.2 34.6 33.6
m88ksim 52.5 64.7 37.8 47
ijpeg 69.1 59.6 40.5 9.1
Mediabench programs
epic 64.9 68.4 46.5 61.6
rasta 86.8 95.4 63.6 44.3
mpeg2dec 59.5 55.5 32.1 29.0
G721dec 68.5 72.1 30.1 32.9

Table 6.1: Percentage Instructions with Narrow Operands

together. For example, operations with 4-bit operands can be packed to execute upto
eight such operations on a 32-bit ALU. However, the information required to encode bit-
level predictions within instructions would be substantial because of the large number of
possible predicted sizes. Also, the hardware complexity for accessing operand values of sizes
smaller than a byte would be quite high. Hence, only byte-level widths were considered for
packing in this dissertation. Within byte-level analysis, only 8-bit and 16-bit sizes were
considered. Operands that were wider than 16 bits but less than 24 bits do not have
enough opportunities for sharing an ALU, except with 8-bit operands (since the underlying
functional units are 32-bits wide). Also, upon analysis of programs, it was observed that
after honoring all the program dependencies, there were very few cases when operations
with operands between 16 and 24 bits could be packed together with other 8-bit operations.
Hence, the bit-width prediction technique was limited to packing operands within 8 or 16
bits of an ALU. As we shall see in later sections, this decision also kept the complexity of
the hardware and extensions to the instruction-set architecture within reasonable limits.
Hence, predicting operand widths statically displays the potential for utilizing
the framework to implement bit-width prediction. The implementation of the framework
components was performed on the Trimaran compiler infrastructure, details of which are
elaborated in the previous chapter. The following sections discuss the rest of the framework

in context of bit-width prediction.



6.3 Usefulness Analyzer

A pre-requisite for applying bit-width prediction is that there should be sufficient
operations that can be packed together to improve the instruction schedule. Operations
that are expected to have at least one operand large enough to occupy most of the available
bits need not be profiled. Also, the regions in which program dependencies sequentialize
the execution of operations should be avoided for profiling. Such regions, having sparse
parallelism, would typically under-utilize the resources, and bit-width prediction would be
more suitable for regions with excessive parallelism. This latter observation is in contrast to
the case of value prediction. In case of value prediction, the predictions were used to extract
additional instruction-level parallelism within the regions in the program graph that were
devoid of parallelism. On the other hand, bit-width prediction allows more operations to
execute concurrently, assuming the program graph already displays sufficient parallelism.

In this dissertation, usefulness was evaluated both at the instruction-level and at
a larger regional level. In both cases, only frequently executed blocks were evaluated for

usefulness.

o Instruction-level analysis: As mentioned before, operations are analyzed for packing
within 8 or 16 bits of an ALU. In the experiments that were performed, it was ob-
served that the virtual addresses of instruction and data accesses in a program were
always at least 16 bits. The reason is because the first 128K locations of memory were
not used by the simulator assuming the kernel resided in those memory locations. All
memory references in programs were made to addresses in locations higher than 128K
and required more than 16 bits for representation. This information was used by the
bit-width prediction framework to avoid profiling operations with address operands.
Such operations cannot be packed with any other operations on the same functional
unit because the memory address operand would require the entire 32-bit ALU (pack-
ing was performed at the 8-bit and 16-bit granularity). Several of the operations with
memory addresses as operands were add operations calculating the stack pointer dur-
ing register spills. It is expected that instruction-level usefulness can be applied for
most VLIW processors since the lower segments of memory are always reserved by

the operating system.

e Region-level analysis: Usefulness is also analyzed at the region level by identifying
the program regions with insufficient parallelism. Such regions would be devoid of
resource dependencies and their performance would not improve by packing oper-

ations. These regions can be identified as the ones where the instruction schedule



would not improve if additional resources were made available. Packing of operations
using bit-width prediction emulates a wider machine by overcoming some resource
dependencies. Hence, if a region displays the same schedule length as the length on
a processor with additional functional units, the instructions within the region would
not be constrained by resource limitations. These regions are identified in the use-
fulness analyzer by creating a shadow schedule during instruction scheduling. This
schedule is created for a machine model having one additional ALU than the stan-
dard machine model used for evaluating bit-width prediction. Since ALU operations
were analyzed for prediction in the experiments, the extra functional unit added was
an ALU. The shadow schedule was created in parallel with the instruction schedule
created for the original machine, and the two schedules were compared. If a region
displayed the same schedule length in both cases, it was not selected for profiling.
Since scheduling was performed at the granularity of extended blocks (superblocks),

this technique was able to eliminate profiling of entire blocks.

The next section evaluates the effectiveness of the usefulness analyzer by comparing

the profile overhead with the case when no usefulness analysis was performed.

6.4 Selective Profiler

Similar to the case of value prediction, feedback information was generated as late
of possible within the Trimaran infrastructure to avoid any transformations from corrupt-
ing the profile data. Hence, the performance monitoring framework of the simulator was
modified to profile operand widths of ALU operations (bit-width profiling). The profiling
includes generation of run-time traces and analysis of this information to determine the
average size of instruction operands. For each integer arithmetic operation, the width of
operands is generated in the trace and these operand widths were analyzed whether they
were less than 8-bits or 16-bits using a prediction threshold. Given b bits, a prediction
threshold(b) is used for analysis, and is defined to be the percentage of times an operand is
found to be less than b bits wide. Since operands are either predicted to be 8-bit wide or
16-bit wide, two different prediction thresholds are used for prediction. An operand is pre-
dicted as 8-bits wide if it met the prediction threshold for 8-bit prediction from the profile
data. Similarly, an operand is predicted as 16-bits wide if it met the prediction threshold
for 16-bit prediction from the profile data. The thresholds can be varied to control the
degree of operation packing. For a lower threshold, a larger percentage of operations can be

packed together. The variation of threshold will be analyzed in context of mispredictions in
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Figure 6.2: Overhead in Profile Time due to Selective Profiling

the section describing the restorer. For the purpose of selective profiling, both thresholds
are set to 100% in the analysis of the profiles. Hence, the trace information is analyzed to
detect the percentage of instructions whose operands were always within 8-bits or 16-bits.

Since profiling is performed within the performance monitoring framework of the
simulator, it creates execution overhead. The overhead of profiling was analyzed and is
shown in Figure 6.2. In this figure, each benchmark is associated with three bars. The first
bar displays the execution overhead if all ALU operations were to be profiled as compared
to no profiling. The second bar indicates the overhead when usefulness at the instruction-
level is applied. The third bar shows the overhead when usefulness at the region-level as
well as the instruction- level is applied. The figure shows that instruction-level usefulness
reduces profile overhead by about 10% on average. Region-level usefulness further reduces
the profiling overhead by 5% on average. The exception is 7jpeg where the profile overhead
as well as the reduction due to usefulness analysis are higher than other benchmarks. The
reason is that spills are a dominant factor in ¢jpeg resulting in a large number of addition
operations that compute the stack address for spilling. These operations are eliminated
in the usefulness analysis. For all the benchmarks, the usefulness analyzer contributes to

reduce the profile overhead to reasonable limits.



6.5 Speculation Transformer

The speculation transformer performs packing of multiple operations on the same
ALU. The profile information is used to identify which operations to pack together. An
operation is packed within 8-bits of an ALU if all of its operands are predictable to be
within 8-bits and similarly the case for 16-bit packing. Each operation is associated with
two additional bits predicted_8 and predicted_16. The former bit is set by the compiler if
the operation is predicted to have 8-bit operands and the latter is set if the prediction is for
16-bits. These bits are set based on the profile data, and the scheduler uses them to pack
operations together. Since only ALUs were packed using bit-width prediction, the ALU
operations were annotated with these additional bits.

One of the issues within the speculation transformer is how to pack the operations
together in an instruction word. Conventional techniques that exploit operand widths
for optimization synthesize SIMD-like instructions. An example from one of the analyzed
benchmarks demonstrates such a case. Consider a five-wide VLIW processor with two
integer functional units, and assume that the fetch unit is tightly coupled with the functional
units. Hence, there is a one-to-one correspondence between the functional units and the
fetched operations. Several VLIW processors use this tight coupling to simplify issue logic.
In Figure 6.3(a), we show part of a schedule for a region from the _compress function in
the compress benchmark. Each operation is assigned the ALU that would execute the
operation. Note that although the instructions are independent, they need two cycles to
be scheduled since only two integer operations can be accommodated per cycle. However,
profile information indicates that each of the integer operations have operand widths that
are at most 16 bits. This information can be used to pack the two add operations on a single
ALU and fetch them as a single SIMD operation. Performing this SIMD synthesis yields the
schedule shown in Figure 6.3(b). In order to pack the two adds as a SIMD operation, the
instruction set architecture (ISA) needs to have the capability to specify pairs of registers
in an add operation. The reason is that most of embedded VLIW ISAs do not have vector
registers.

One observation from Figure 6.3(a) is that the processor has the capability to fetch
five operations per cycle, yet two of these slots, for branch and floating-point operations,
remain unused in both cycles shown. Instead of coalescing similar operations together as
a SIMD operation, the operations can be fetched separately using the empty slots. In this
way, the ISA does not need to be modified to support SIMD operations. At run-time,
the processor would steer operations to an appropriate functional unit for execution as

determined by the compiler. The hardware would know which functional unit to steer the
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Figure 6.4: Example of Homogeneous Packing exploiting Fetch Bandwidth

source operands to because the compiler can identify the ALU with each operation. In order
to do so, the compiler annotates the ALU identifier to the operations at schedule time and
the issue logic directs a fetched operation to this ALU. Using available fetch slots prevents
an increase in register ports used per cycle, assuming a unified register file. Since the logic
for steering operations manages the predictions at run-time, it is implemented as part of
the predictor component and is elaborated in the next section.

Figure 6.4(b) shows the schedule of the previous example after packing operations
using the FP slot. It is expected that adequate unused fetch bandwidth can be made
available for fetching additional ALU operations. From the analysis of several benchmark
programs, it was found that floating point and branch operations comprise less than 1% of
dynamic instructions. This observation indicates that fetch bandwidth is severely under-
utilized, and by scheduling narrow operations in unused slots, we can take better advantage
of the available bandwidth.

In the example above, packing operations did not reduce the schedule length since
one add operation had to be delayed by a cycle. One of the restrictions of packing opera-
tions in previous work is that only similar operations are allowed to execute together on a

functional unit. A study by Scott et al. [67] observes that most of the benefits of packing
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Figure 6.5: Example of Heterogeneous Packing

homogeneous operations into SIMD-like instructions can be achieved by instruction-level
parallelism on a machine with two or more ALUs. If heterogeneous operations are packed
on an ALU, the performance savings would potentially be higher. Packing heterogeneous
operations permits scheduling all of the operations in the example above in one cycle, as
shown in Figure 6.5(b). In this example, the add and compare operations can be scheduled
together because they use at most 16 bits. The compiler assigns the position within the
ALU for each operation allowing the issue logic to steer these operations to an appropriate
ALU sub-component.

Note that it is not possible to pack heterogeneous operations on an ALU using
static SIMD synthesis because each combination of operations requires a separate SIMD
opcode. For VLIW processors, the compiler can assign heterogeneous operations to the same
ALU along with their placement positions within the ALU. For superscalars, performing
heterogeneous packing at run-time incurs additional complexity to select the operations to
be packed. If 8-bit and 16-bit heterogeneous operations were interleaved on a 32-bit ALU,
a processor with a central issue window would require additional control logic to find and
select the operations to pack on an ALU. Packing heterogeneous operations works well for
VLIWSs because we can statically schedule the operations to avoid the run-time overhead of

detecting narrow width operations.

6.6 Predictor

Bit-width prediction was implemented statically and the predicted widths were
not varied dynamically. Hence, run-time history need not be computed for the operations
and the predictor component does not require the design of predictor tables. Instead, the
predictions are encoded within the operations at compile-time. The bits predicted_8 and
predicted_16, that were introduced in the previous section, encode the predictions. The

issues within the predictor component include how to handle the predictions at run-time



by steering the operands from the fetch slots to the appropriate functional unit. Also, in
context of heterogeneous packing, an ALU would require the capability to execute operations

of different types concurrently. Both these issues are outlined below.
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Figure 6.6: ALU structure

e Partitioned ALU: In order to pack heterogeneous operations together, an ALU needs
to execute operations of different types in parallel. This functionality is provided by
partitioning an ALU into sub-components executing different operations. It is possible
to consider a 32-bit ALU as a group of 8-bit sub-ALUs executing the same operation
and connected through carry lines. A pictorial view of a 32-bit ALU partitioned into
sub-components is shown in Figure 6.6. Since an ALU is a combinational circuit of
cascaded logic gates, this kind of partitioning can be made. Each sub-components is
allowed to execute independently by providing a separate mode select to determine
the type of operation to execute. Also, each sub-component was assigned its own
overflow and zero bits. The work in this dissertation targets simple functional unit
design applicable to embedded VLIW processors. Hence, these functional units can

be extended without any major design modifications.

e Steering logic: The steering involves redirecting the source operand values to the
ALU. This logic is not complex because the compiler statically assigns where to steer
each operation and there are no dynamic steering decisions. Similar logic is already
provided in several VLIW processors that have more functional units than fetch band-
width, such as Starcore’s SC140 and Trimedia’s TM-1000 processor. Figure 6.7 shows
a high-level view of the steering logic for a 5-wide VLIW architecture. The figure
shows a 5-wide VLIW architecture with one memory, branch and floating-point unit,
and two integer units. The integer units are shown as partitioned ALUs. The fetched
operations are steered to the appropriate functional units by pre-decoding the re-
source bits associated with an operation. Operations that need to execute either on

the memory, branch or floating-point unit are directly sent to the ALU from their re-
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spective fetch slot. In case of ALU operations, the operation can be steered from the
fetch slot of any functional unit, whenever multiple operations are packed together.
For the example of Figure 6.5, the floating-point and branch slots are used to fetch
the rightmost two add operations. The operations are routed through the switches as
shown. These switches are necessary because an operation from a fetch slot may need

to be routed to any sub-component of an ALU.

An observation from the figure 6.7 is that the number of register ports are not
increased because of bit-width prediction. The potential candidates accessing the register
file at the same time increases due to the capability of an ALU to execute multiple operations
concurrently. However, the number of register accesses per cycle does not increase because
the number of fetched operations per instruction word is preserved. It is assumed that each
functional unit is associated with ports to the same register file. Hence, the floating-point
and general purpose registers are clustered together in a unified register file. Also, the

underlying architecture model of Trimaran allows the branch unit to access the register



file. In case an integer unit needs to read several values because of packed operations,
the register ports corresponding to some other functional unit are used for the reading.
The steering involves sending the output value to the port that will write the value to the
register file. Besides the functional unit identifier, the operations are also annotated with
the register port used for reading/writing the values. If separate register files for integer and
floating-point operations were present, the register ports would increase for general purpose
registers. In that case, the increase in ports can be prevented by allocating all the values
accessed by packed operations of an ALU to the same register. This idea will be elaborated
while presenting results in the experiments section.

Although operand steering has some latency cost, the additional latency would not
affect the machine cycle time. The reason is that typically register file accesses determine
machine cycle time and other pipeline stages scale proportionate to the register file cycle
time. Previous studies make this observation in context of superscalar processors and expect
similar performance limits for VLIW processors [23]. The unused fraction of the cycle time
in the fetch and execution stages can be used to perform the steering of the input operands

and output value respectively.

6.7 Restorer

One of the observations in the example of Figure 6.5 is that scheduling using profile
information about operand width decreases schedule length. Because this scheduling relies
on profile information, the data widths of operands are being predicted and a mechanism
to recover from mispredictions at run-time is required. The prediction threshold is used to
control the aggressiveness of the predictions. By lowering the prediction threshold, more
operations can be packed together. However, one of the drawbacks of lowering the threshold
is that the misprediction rate increases. In case the operand width is more than its static
prediction, the operation may not be computable with its assigned portion of the ALU in
the same cycle. Such a misprediction needs to be identified at run-time and the processor
should be able to correctly compute the values in those cases. Mispredictions can occur if
either of the source operands requires more than the predicted bit-width or if the computed
value spills over the allocated bits. The former case can be detected before the operation
starts executing but the latter case is detectable only after execution has commenced.

For detecting mispredictions with the source operands, each register is annotated
with two additional bits, namely less_than_8 and less_than_16. As their name suggests,

these bits specify whether the current value stored in that register is within 8 or 16 bits. A



misprediction by an operation O due to one of its source operand accessing register R can

occur by one of the following cases.

e predicted_8(0) AND =less_than_8(R) : This case is when the operation is predicted

to have 8-bit operands and source register R has a value occupying more than 8-bits.

e predicted_16(0) AND =less_than_16(R) : This case corresponds to a misprediction
of 16-bits

The mispredictions occurring due to the destination operand are identified at run-
time using zero detection logic. This detection logic was proposed by Brooks et al. [8] for
their dynamic packing scheme and already exists in several modern processors for detecting
upper bytes to be zero. The logic consists of two signals, zero_16 and zero_48, that are
associated with the upper 8 or 16 bits of the result of an ALU operation. These bits are
set when the upper 16 bits or 48 bits of the computed value are zero. A misprediction
associated with destination operand for an operation O occurs when either of the following

is set:
e predicted_8(0) AND —zero-48(0) in case of 8-bit prediction or
e predicted_16(0) AND —zero_16(0) in case of 16-bit prediction.

The mechanism for recovery from data width mispredictions is to replay the mis-
predicted operation on an ALU. In this case, when an operand’s width is mispredicted,
the operation is replayed through the same ALU using the ALU’s entire width during the
following cycle. During the replay of a mispredicted operation, subsequent instructions are
stalled in the pipeline. In the case of multiple mispredictions on a single ALU, each mis-
predicted operation is replayed independently and the pipeline is stalled during the entire
replay sequence. The next section studies the impact of varying prediction threshold on
misprediction rate and its effect on performance.

The ISA extensions used in the bit-width prediction framework are summarized

below.

e Each operation is appended with two bits predicted_8 and predicted_16 which are set
when the operation is predicted to have 8/16-bit operands.

e Each register operand is appended with the register port index used for accessing the

operand value from the register file.

Also, the following hardware extensions are incorporated in the prediction frame-

work.



e Each register is annotated with two bits less_than_8 and less_than_16 that are set when

the register value is within 8/16 bits.

e Each ALU is partitioned into four sub-ALUs and a control signal is associated with

each sub-component to determine the type of operation executing on the sub-ALU.

e Two control signals zero_16 and zero_48 are associated with the result of each sub-
ALU operation and these bits are set when the upper 16 bits/48 bits of the computed

value are zero.

e A switch is associated with each integer unit to steer operations from the fetch unit

to their respective functional units.

6.8 Experimental Evaluation

6.8.1 Methodology

The performance of bit-width prediction was studied using the Trimaran compiler
and simulator described in Chapter 5. The machine model used was a five-wide VLIW
with two ALUs, one floating point unit, one memory unit, and one branch unit. A narrow
model was used since bit-width prediction targets embedded VLIWSs. Later in this section,
the performance is evaluated across different machine widths. The 5-wide machine used for
the experiments is similar to the Transmeta Crusoe TM5400 processor which is a four-wide
VLIW with one ALU. However, the Crusoe processor can use its memory unit as an adder
when no memory operations are scheduled, effectively making the processor five-wide. A
fairer model of a five-wide VLIW was used that is less constrained by allowing two ALUs.
The machine model has 64 general-purpose registers and a 32-bit data width. The analysis
was performed after turning on the classical suite of optimizations along with aggressive
code optimizations including dead code removal and redundancy elimination. The profile
data included how often an operand width of an instruction was (1) less than 8 bits and
(2) less than 16 bits. For example, the ALU assigned to the instruction was considered as
50% busy if profile data indicated an instruction to always have operands within 16 bits.
The other half of the ALU was available to other instructions with narrow operands of 8
or 16 bits. The compiler used a prediction threshold of 100% for both 8-bit and 16-bit
operands. Later, the prediction threshold is varied to study the effect of mispredictions on
performance. In case an instruction’s operand spilled over its predicted width, the processor

stalls a cycle to re-execute the instruction.



6.8.2 Fetch Bandwidth and Register Pressure

For the initial studies, the potential performance of packing operations without
bandwidth limitations was analyzed. Hence it was assumed there was always enough band-
width to supply operations to fully pack an ALU. Also operations packed on an ALU were
allowed to be of different types. Later in the chapter, these assumptions are removed. Fig-
ure 6.8 shows the percentage speedup for packing operations. The first column in the figure
assumes perfect register allocation with no register spills and the second column incorpo-
rates register spills. The savings in absence of register spills are in the range 1-13% with
an average of 5.7%. Another observation is that register spills become important and affect
performance considerably. Since bit-width prediction increases parallelism, register pres-
sure also increases. This reduction is especially noticeable in case of ijpeg. Speedups for the
benchmarks after considering register spills are in the range 1-8% with an average of 2.6%.
The impact of spills is particularly significant in the machine model used for experiments

because there is only one load/store unit.
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Figure 6.8: Performance with no limitation on Fetch Bandwidth

From the above observations, it can be inferred that in order to gain performance
benefits from bit-width prediction, the register allocator needs to be sensitive to operand
widths. One intuition is that 16-bit values can be spilled in consecutive locations and

fetched in a single load operation. In the current implementation, bit-width prediction



only packs ALU operations, so spills and reloads of narrow width data are performed with
separate store and loads. By packing narrow operands for spills, the impact of spilling is
expected to reduce. This packing is similar to SIMD synthesis of load/stores [42]. However,
since register allocation is a static technique, we can also modify the allocation phase to
accommodate spills of 16-bit values to the same register, which will significantly reduce the
number of spills. This width-sensitive register allocation can be incorporated within a com-
piler independent of the underlying architecture. The analysis of the prediction framework
in this dissertation involves evaluation of the scope of bit-width prediction for performance
improvement. To avoid the impact of spills on this performance study, perfect register

allocation with no spills was assumed for the rest of the experiments.

6.8.3 Homogeneous vs. Heterogeneous Packing
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Figure 6.9: Performance for limited Fetch Bandwidth

The next set of experiments analyze how constraining bandwidth affects perfor-
mance. Hence the fetch bandwidth was fixed to be the width of the machine. Also, a
study of the performance of packing heterogeneous operations over SIMD-like synthesis was
performed. Two sets of experiments were carried out. First, only homogeneous operations

were packed on an ALU. This technique is similar to the synthesis of SIMD instructions. In

m88ksim

ijpeg




the second set, heterogeneous operations were allowed to be packed on an ALU. Figure 6.9
shows the performance for both experiments. Each case is compared with the performance
of the case with no limitation on fetch bandwidth (labeled as ideal case). From Figure 6.9(a),
it is observed that speedups in the case of packing homogeneous operations are considerably
reduced from the ideal case. This reduction relates to the fact that fetch bandwidth is lim-
ited and only similar operations are allowed to share an ALU. For the case of heterogeneous
packing, Figure 6.9(b) shows that performance improvements are close to the ideal case.
This observation implies that heterogeneous packing uncovers significant parallelism that
is not exploitable with homogeneous packing. Also, in the latter case, the unused fetch
bandwidth is used to exploit most of the possible benefits of the ideal case especially for

G721dec, m88ksim, li and compress.

6.8.4 Prediction Threshold and Misprediction

As discussed previously, prediction threshold can have an impact on detecting
opportunities to pack operations. To determine whether this was the case, we varied the
threshold and measured the impact on performance. It was found that as the prediction
threshold was lowered, the schedule length improved but the misprediction rate also in-
creased. It was observed that the improvements in schedule length were minor unless the
prediction threshold was below 60%. This observation correlates to the previous study in
operation packing [8] that notes that there are minor fluctuations in operand precision from
less than 16-bit to greater 16-bit. For prediction thresholds lower than 60%, the cost of
recovering from mispredictions mitigated any improvement in schedule length. With the
current recovery mechanism, each mispredicted operation is replayed independently and
contributes a cycle to the misprediction penalty. In case of complex arithmetic operations
with latency of several cycles, this penalty can be more than one cycle. In the experiments,
it was observed that less than 1% of packed operations had latency higher than one cycle
(except in case of G721dec with 3.3%). Accounting for multi-cycle misprediction penalty
would have a negligible effect on performance.

It is possible to achieve higher speedups with lower prediction thresholds by re-
ducing the misprediction penalty. One way to reduce the penalty is by recovering multiple
predictions in parallel with execution of the next VLIW instruction, if resources are avail-
able. Also more sophisticated prediction techniques may be able to predict more accurately

reducing the instances of misprediction.



6.8.5 Machine Width

In the next experiment, the machine width was varied to determine in what context
bit-width prediction is most appropriate. Three different machine models were considered:
(1) a four-wide VLIW with one load/store, one ALU, one floating-point and one branch unit,
(2) a five-wide VLIW with one load/store, two ALU, one floating-point and one branch unit
and (3) an eight-wide VLIW with two load/store, four ALUs, one floating-point and one
branch unit. These machine models were selected based on a range of embedded processors
from a simpler model (four-wide Transmeta TM5400) to a relatively complex one (eight-

wide TT TMS320C6201).
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Figure 6.10: Performance for different Machine Models

Performance results for the different machine models is shown in Figure 6.10. From
this figure, the narrow VLIW machine has considerable improvement, ranging from 11-25%
with an average of 15.7%. However, as more ALUs are added to the machine model, these
savings reduce. Performance improvements for the eight-wide machine model were insignif-
icant, ranging from 0.1-3%. The reason is that this machine model has sufficient integer
units to exploit most of the parallelism available by packing narrow operands. This observa-
tion confirms the statement that bit-width prediction is beneficial for resource-constrained
VLIWSs, similar to models 1 and 2. In the experiments, a 32-bit data width was used and

a wider data path would allow more operations to be packed together on a functional unit.



From Figure 6.10, bit-width prediction substantially improves the performance for narrow
VLIWSs, and it is expected that the performance improvements would be even greater for
VLIWs with a wider data width.

From the above results, it can be inferred that the prediction framework was able to
effectively exploit operand widths for implementing bit-width prediction. The performance
improvements due to heterogeneous packing show that packing operations of different types
has much higher benefit than packing operations in a SIMD-like fashion. The bit-width
optimization is most suitable for VLIW processors that are resource-constrained, such as
those used in embedded systems. The experiments indicate that register allocation plays an
important part in speculation of operand widths and the developed bit-width optimization
can be used along with allocation of live ranges to registers based on the width of the live

range value.



Chapter 7

Conclusions

The success of fine-grained parallelism in RISC processors has come from innova-
tions in both compiler and architecture technologies. One particular domain of architectures
that relies on fine-grained parallelism for performance is the VLIW architecture. Exploiting
instruction-level parallelism in a VLIW processor has been traditionally quite challenging
due to its static scheduling model which prevents instructions from being reordered dy-
namically. Scheduling at compile-time in a VLIW processor involves conservative dataflow
analysis and is unable to exploit run-time information. Profiling has been used in this en-
vironment to design optimizations for a VLIW compiler that estimate run-time behavior
of instructions. Among the optimizations useful for VLIWSs is the class of prediction-based
optimizations that reorder instructions at compile-time by predicting certain instruction at-
tributes, such as computed values. Implementing prediction-based optimizations in a VLIW
architecture through a compiler poses several challenges. The predicted instructions need
to be selected at compile-time for scheduling. Also, a misprediction can incur substantial
penalty because the instructions cannot be reordered dynamically to handle the mispredic-
tions. Profile information is implicitly used in several VLIW compiler transformations that
are prediction-driven. Examples of such transformations are region-formation and inlin-
ing. These transformations use profile information to predict the frequently executed basic
blocks to optimize, and are typically applied at the source or basic block-level. There has
been very limited prior work investigating fine-grained optimizations that explicitly pre-
dict instruction attributes in VLIW compilers. Most of these instruction-level prediction
optimizations have been designed in isolation. A general infrastructure for prediction on
a VLIW processor would facilitate translation of a novel prediction-driven optimization on

the VLIW architecture and compiler.
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7.1 Summary of contributions

This dissertation develops a framework useful for exploiting fine-grained paral-
lelism in VLIW processors using prediction techniques. The framework provides a con-
ceptual view of a prediction-driven compiler optimization for a VLIW architecture. The
framework has been used within this dissertation to implement and evaluate specific op-
timizations. The optimizations are developed by applying the framework components in
the domains of profiling, compilation and architecture. The framework is applied to de-
velop methodologies for prediction and recovery by integrating concepts from the different
domains in a synergistic way. The optimizations use feedback-directed compiler transfor-
mations and architectural design to exploit the transformations.

Among the optimizations developed in this dissertation is value prediction, which
predicts computed values to allow dependent instructions to execute speculatively. The
framework components were implemented for value prediction of load instructions because
of their larger latency. Besides using conventional prediction schemes for predicting, this
dissertation develops novel schemes that use the context of path history for prediction.
The path along which an instruction gets executed is estimated and different paths are
associated with different values for the instruction. The path-based techniques are developed
by augmenting conventional prediction schemes, such as last value and stride prediction,
with path information. The prediction accuracies are improved by 7-8% on average.

Within the value prediction optimization, the dissertation develops a dataflow-
based algorithm that analyzes the effect of predicting an instruction on the critical path
of the encompassing region. The developed analysis is able to filter 85% of the potential
predictions that are not useful in improving the instruction schedule. The impact of this
usefulness analysis is also observable in the value profiler as the overhead of profiling is
reduced by more than 50% in all but one benchmark. As part of implementation of the
prediction framework, this dissertation designs a hybrid predictor that is segmented into
different partitions that store different amounts of prediction history. Based on the pre-
dictability behavior of an instruction, as observable from the profile data, an instruction is
statically assigned into one of the predictor partitions. The smaller partition predicts in-
structions using simple prediction schemes and the larger partition uses hybrid prediction.
The hybrid partition interleaves several hybrid configurations based on the most effective
configuration for each instruction from profile data. Predicted instructions are statically
assigned to table entries since the predictions are known at compile-time. Static assignment
improves prediction accuracy, and the predictor designed in this dissertation has an overall

average prediction accuracy of 77%. Both static and dynamic recovery schemes for value



prediction were developed and compared for performance. Static misprediction recovery
creates a single recovery block for all the predictions within a region. The operations in-
correctly speculated are re-executed from this recovery block using predication. Dynamic
recovery is handled by designing an additional execution engine, Compensation Code En-
gine, that executes recovery code in parallel with the speculated code. Recovery code is
generated at run-time and re-executed whenever the associated prediction is incorrect. The
improvements in performance for the static recovery case range between 3-4% for most of
the benchmarks. On the other hand, dynamic recovery improves performance in the range
5-7% for all except one benchmark. The improvements are higher in the dynamic case be-
cause the overhead of mispredictions is partially subsumed by executing in parallel with the
speculated code. Also, the static case requires explicit code restructuring to create recovery
blocks at compile-time which incurs additional latency. The advantage of static recovery is
that the hardware does not need to be modified for incorporating value prediction.

Another optimization, bit-width prediction, was implemented using the predic-
tion framework. This optimization predicts operand widths allowing ALU operations with
narrow operands to be packed on the same ALU. The predictions are made statically to
enable the compiler to pack the operations at compile-time. The instructions were profiled
to observe how often the width of operands were within a byte or a half-word. Integer oper-
ations with narrow source and destination operands are packed together on the same ALU.
This dissertation introduces the concept of heterogeneous packing in which operations of
different types are packed together on the same ALU. The packing avoids increases in fetch
bandwidth by using the unused fetch slots to fetch the packed operations and steering them
to the appropriate ALU. Only operations with high probability of having narrow operands,
from the profile data, are packed together. Predictor tables are not used since the bit-widths
are predicted statically. Misprediction recovery is handled by stalling execution whenever
an operation spills over its predicted operand size and resuming after re-executing the mis-
predicted operations. Heterogeneous packing outperforms SIMD-like packing significantly
and improves performance by 1-13% and 5% on average. The improvements increase up to
15% on average as the width of the instruction word is decreased but are minimal for wide
VLIW machine models. Hence, the bit-width prediction optimization is found to be more
suitable for embedded VLIW architectures that are constrained in resources like functional
units and registers.

The observations from implementing the above optimizations indicate the predic-

tion framework to be quite effective in addressing the challenges of fine-grained parallelism



in VLIW architectures. The next section presents future work inspired from the work in

this dissertation.

7.2 Future work

7.2.1 Extending the framework’s applicability

The prediction framework developed in this dissertation was applied to address
two major challenges to exploiting parallelism in VLIW architectures, data dependencies
and resource dependencies. Data dependencies were addressed by predicting values and
overcoming the latency of instructions computing those values. Resource dependencies
were overcome by predicting operations with narrow operands and packing such operations
to share the same functional unit. The former case addressed the problem of insufficient
parallelism within the program while the latter case was suitable in resource-constrained
processors where the available parallelism exceeded the resources in the underlying machine

model.
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Figure 7.1: Instruction Reuse

An optimization that caters to both data and resource dependency within the
same technique is Instruction Reuse [69]. This optimization was introduced in Chapter 2.
It involves buffering previously computed results of an instruction and reusing the result
value in future execution of the instruction whenever the input operands match. Figure 7.1
shows the pipeline stages after incorporating instruction reuse. The reuse buffer stores re-
sults of previously executed instructions. The reuse test queries this buffer to check whether
a reusable result is available within the buffer. If so, the result is obtained from the buffer
and execution of the instruction is bypassed. Instruction reuse increases the degree of
parallelism by overcoming the latency of any operation whose result can be reused. This
way, instructions dependent on the reused value can execute earlier than if no instruction
reuse was applied. Also, instruction reuse improves the utilization of the machine resources
by avoiding execution of instructions computing reused values. Hence, both program de-

pendencies as well as resource dependencies can be handled by this optimization. The



prediction framework can be used to develop the instruction reuse optimization for a VLIW

architecture as follows.

e Usefulness Analyzer: The program regions where instruction-reuse would prove ben-
eficial can be identified using dataflow analysis. This analysis can be built to identify
entire extended blocks being used by the compiler for reusability. Another possibil-
ity is to build the reusable regions from program instructions using trace-building
schemes and/or dataflow propagation techniques. Note that the useful regions would
include regions devoid of parallelism as well as those regions constrained by resource

dependencies upon scheduling.

e Selective Profiler: The regions found to be useful can be profiled to observe the
re-usability for each instruction. An instruction that frequently computes values com-

puted in a prior instance of its execution should be marked as reusable.

e Speculation Transformer: The instructions found to be reusable can be speculatively
scheduled to read its value from the Reuse Buffer. By doing so, machine resources can
be avoided for executing the instruction if the speculation is correct at run-time. Also,
the latency of the reusable instruction would be overcome allowing the instructions

dependent on it to be hoisted in the instruction schedule.

e Predictor: The values computed at run-time would be stored in the Reuse Buffer. Us-
ing some intelligent indexing schemes, this buffer can be accessed for each instruction

predicted as being reusable to check and retrieve the result value.

e Restorer: In case an instruction is predicted as being reusable and its result value
is not present in the Reuse Buffer, a misprediction occurs. Mispredictions can be
handled by stalling the pipeline and re-executing the mispredicted instruction. Other
possibilities include recovery blocks or specialized code that gets executed whenever

there is a misprediction.

7.2.2 Future research directions

This dissertation has addressed the problem of fine-grained parallelism in VLIW
architectures by providing a general infrastructure and developing novel optimizations using
that infrastructure. There are several research directions that can be inspired from this

work.

e Integrate different granularity of predictions: The dissertation work in value

prediction focuses on instruction-level prediction. It is also possible to predict entire



or partial blocks of code or even entire functions. These predictions are at coarser
levels of granularity and involves interesting issues such as how to predict and recover
entire regions. It is possible that some parts of a program that do not have predictable
instructions consist of regions with predictable live-out values. One interesting aspect
is to investigate the efficacy of predicting at different hierarchical levels of regions in

the code.

Apply developed methodologies to other architectural platforms: Some of
the techniques resulting from the dissertation research can be applied across different
architectures. For example, usefulness analysis in value prediction has been investi-
gated in the domain of superscalar processors as a run-time technique [11]. Static
usefulness analysis can be augmented as a filter to prediction in this domain, reducing
the overall predictions. Also the segmented predictor design and selective profiling
are useful concepts that can reduce prediction cost independent of the underlying ar-
chitecture. A future extension to this dissertation research is to apply the techniques

developed in this research to other architectural platforms.

Study interaction between optimizations: One significant observation in the
dissertation research is that an optimization cannot be designed independently of other
phases of compilation. Although the prediction techniques increased instruction-level
parallelism, they also increased register pressure resulting in larger number of spills.
The additional spills subsume part of the benefits of the prediction. This phenomenon
directly arises from the classical problem of interaction between scheduling and regis-
ter allocation. Data prediction can be viewed as a pre-processing step of the scheduler
to expose greater parallelism to the scheduler. There has been previous research inte-
grating the phases of scheduling and register allocation and a new research direction

is to view this integration from the perspective of data speculative code.

Bit-sensitive register allocation: The design of width prediction also exposed
the interaction between optimizations mentioned in the previous paragraph. Several
operations that were packed together on a functional unit were found to have their
values spilled to memory. An approach to reduce the effect of spilling narrow operand
values is to assign live ranges of two or more such values to the same register. This
bit-sensitive register allocation can be incorporated within a compiler independent of

the underlying architecture.

Investigate other factors besides performance: With the explosive growth of

embedded processors over the past couple of years, processing capability is no longer



the sole important issue in system design. Additional factors such as energy and
power consumption are becoming primary design considerations for battery operated
and portable embedded systems. It is challenging to apply existing optimizations
and propose new optimizations in the embedded domain to enhance performance and
reduce energy consumption. Recently, a software tool was developed, MPOWER,
that measures the effectiveness of reordering memory accesses on bus switching ac-
tivity [14]. The evaluations of MPOWER indicate encouraging potential for reducing
switching activity and serve as a motivation to conduct further research in the area
of power reduction. The synergistic ideology shall prove beneficial in designing novel

optimizations addressing power consumption without severely affecting performance.
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