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Abstract

This paper introduces dependence-based value prediction: prediction based on information that can be
propagated through dependences. We propose an organization for a dependence-based value predictor and
investigate how to use different types of dependence information to predict values produced by instructions. We
consider first register dependences and then memory dependences. Memory dependence predictionisemployed
for propagating the history used for predicting output values.

When considering only register dependences average prediction of 75% is achieved with a 64K entry table.
The use of memory dependence prediction increases average accuracy for a 64K entry table to 82%. Several
benchmarks achieve value prediction accuracy over 90%. We provide evidence that the proposed predictor

requires small amount of speculative state (for speculative updates) which may suggest its design feasibility.

1 Introduction

Performance has been a driving force for microarchitecture research since the advent of the computer. One of
the popular approaches employed to improve performance is the application of software and hardware trans-
formationsto a program to increase its Instruction Level Parallelism (ILP). Fundamentally, true dependences
limit the amount of ILP that can be extracted from a program. Two instructions exhibit a true dependence, or
are simply dependent, when the output of one of the instructionsisan input operand of the other.
Dependences are typically divided into control and data dependences. Prediction and speculation [1] have
been proposed as means for alleviating the impediments of control dependences by predicting the next PC of
control transfer instructions and speculatively executing instructions that follow them. In addition to control
dependences through the PC, there is also serialization of execution due to dependences through registers and

memory locations. These dependenceswere shown recently to be amenableto prediction and speculation[2, 3].
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The levels of predictability for branches and memory dependences are quite high usually over 95%.
However, the predictability of register values produced by instructions is significantly lower even under ideal
assumptions]4]. Higher predictability is desired because usually it translates to bigger performance returns.
Consequently methods that can increase value predictability may hold significant performance potential.

Inthispaper we introduceadynamic prediction method, dependence-based value prediction, and investigate
how to use dependence information to predict output values. The hypothesis behind dependence-based value

prediction is based on the following:

¢ the predictability of an instruction is determined by information on the dependence path that leads to it,

and

¢ dependence path information and recent values on the dependence path of an instruction are good

predictors of the future value behavior of the instruction.

The above are based on the postulate made in [5] that the predictability of an instruction is determined by
the “generates’ that influence it. [5] introduced the notion that predictability is generated, propagated and
terminated by instructions and dependences during the execution of a program. In that work it was suggested
that the use of dependence information holdspotential for improving the prediction accuracy of value predictors.

The proposed predictor has several novel features: predictsvalues based on information propagated through
register and memory dependences, and usesmemory dependence prediction for communicating the history used
for value prediction. Thesefeaturesenablehigh value prediction accuracy over 90%for several benchmarkswith
a 64K entry prediction table. Another important property of this predictor isthat on a branch mispredictionits
speculative state (due to speculative updates]6, 7]) can be undone fast because it can be managed as a renamed
register file - this was not the case with previously proposed history predictors that require the undoing of
speculative state in large tables[8, 9].

1.1 Outline

The main concepts of dependence-based value prediction are introduced in Section 2. First, we describe
prediction using register dependence information and then extend it to memory dependence information. A
gualitative comparison between context-based and dependence-based value prediction concludes Section 2.

The experimental framework is described in Section 3. The results are presented and discussed in Section 4.
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Related work is discussed in Section 5. We conclude in Section 6.

2 Dependence-Based Value Prediction (DBVP)

The process of dependence-based value prediction can be divided into two phases: the construction of a
dependence record, and the use of the dependence record to access a predictor to abtain a prediction. We
define what is a dependence record and then we introduce a dependence-based value predictor. We describe
first a predictor that considers information propagated only through register dependences and then extend it to
dependence information through memory. We conclude this section with a comparison of Dependence-Based

and Context-Based value prediction.

2.1 Dependence Record

To predict an instruction with dependence-based value prediction its Dependence Record (DR) is heeded. A
DR is derived from a dynamic sequence of instructions called instruction region (IR) (we define them later).

The DR consists of:

¢ Generate Registers (GR): registers that (a) are liveins to the IR, and (b) belong to the data dependence

path that reach the instruction.

¢ Dependence Path Id (DPI): information about the instructions on the dependence path that emanate from
generate registers and reach the predicted instruction (the information can be pcs, optypes immediates,
branch history etc). We refer to the dependence path of a predicted instruction that emanates from the

generates as its Prediction Dependence Path (PDP).

Effectively the DR of an instruction isa summary about its PDP. GR represent information about the earliest
predecessor registers with known values whereas the DPI information about the intervening predecessors.
The process of constructing the DR of an instructionisasfollowsfollows. given an IR, each instruction, in
dynamic order, reads the DR of its inputs registers and combines them together with information about itself
to form a new DR. It then propagates the new DR through its output register to its successors. The DR of a
register that is a generate, is the register itself. It is noteworthy that the DR is derived solely on information

that isencoded in the instruction (no need for actual register values). It isaso important to note that prediction
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OpCode Operands GR DPI  Output Values

1 $2,$6,5 6 pcl  (0)3(1)*

2 dl $2,$2,2 6 pc2  (0)3(4)*

3 addu $2,$2,$19 6,19 pc3  (0x1002f8b0)32(0x1002f8b4)32
4  lw $2,(%$2) 6,19 pc4  (Ox8000bfff)32(Oxffffffff)32
5 andi $3$631 6 pcs  (0,1,..,31)?

6 glv $2,$2,$3 6,19 pc6  Vo,V1,..,Ve2,Va1,

7 andi $2,$2,1 6,19 pc7 (H¥01(0)B)*

8 beq $2,0,... 6,19 pc8

9 addiu $6,%6,1 6 pc9 12,64

10 diti $2,$6,64 6 pcl0 (1)%0

11 bne $2,0,... 6 pcll

Figure 1: Example Dynamic Sequence from 126.gcc

need not be preceded always by DR construction. The DR construction can be performed at a different time
and be stored in another structure where it can be retrieved prior to prediction. The implementation specifics
of DR construction are not investigated in this paper but we assume itsfunctionality.

Toillustrate the process of DR construction consider the frequently executed dynamic instruction sequence
from the SPECINT95 benchmark 126.gcc shown in Fig. 1. The column labeled output values shows the
sequence of values produced by each instruction each time the function they belong iscalled. Lets assumethe
aboveisan IR. Theliveinsto the IR are registers $6 and $19. Column labeled GR shows the generate registers
that reach each instruction. For example, instruction 1 has GR register $6. Thisinformation is propagated to
instruction 2 through the output register $2. Meaning in this case that instruction 2 has also GR register $6.
Instruction 3 hastwo GR, register $6 through the dependence of register 2 and register $19 because itsalivein.
The rest of the GRs can be obtained similarly. The process for determining the DPI for each instruction is
identical to the GR formation, with only difference the type of information that is propagated. We show the
DPI for each instruction when it containsits PC (this is a case where no DPI information is propagated to the

SUCCESSOrs).
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Figure 2: Dependence-Based Value Predictor with Register History

Once the DR of an instructionis available it can be used for predicting the output value of the instruction
(described in the next section).

It should be noted that | oad i nstructions propagate the dependence information coming through their address
operands. In the above example the GR for the load, instruction 4, are registers $6 and $19 which are on the
address dependence path of the load. Though this information may be useful for predicting the output value
of aload, it ignores the possible (memory) dependence of the load to a store. Thisis a potentia source of
non-determinism that can degrade prediction accuracy - we will revisit the issue of memory dependences in
Section 2.3.

In the next section we introduce an organization for a DBVP that predicts based on DR information. It
considers only propagation of DR through register dependences. In Section 2.3 we extend the predictor to

propagate dependence information through memory dependences.

2.2 DBVP with Propagation through Register Dependences

In Fig. 2 we present a generic organization for aDBVP predictor. It consists of two tables the register history
table (RHT) and the value prediction table (VPT). To obtain a prediction for an instruction: (1) the RHT is
indexed with the instruction’s GR, (2) the obtained RHT history (we describe below what it is) is combined
with the DPI to form an index (vpt index), and (3) the prediction table is accessed to obtain a prediction.

A predicted instruction updatesthe RHT entry corresponding to itsdestination register with acombination

of theRHT history read during the prediction and the new value produced by theinstruction. Notethat the RHT
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entries read and written by an instruction can be different - effectively the register history is also propagated
through the dependences. The VPT gets updated with the new value produced by theinstruction at the location
that was accessed to obtain the prediction.

The purpose of the two complementary types of DR information is evident now: GR are used to obtain
valuesthat are indicative of what will be the next value of one or more instructionswhereas the DPI is used to
differentiate the predictions between instructions with the same GRs.

In Fig. 1 several instructions have the same GR (for example instructions 1,2,5,9,10 and 11 have register
$6). If we were predicting in parallel all these instructionswithout DPI information they would have accessed
the same VPT location and consequently mispredicted. The use of DPI enables instructionswith same GR to
get predictions from different locations. The use of DPI information without the GR is also problematic but
for adifferent reason: instructionswith the same GR can go to different locations, however, they will go to the
same lacation each time, predicting always the next value to be the same as the last.

It isimportant to note that the above predictor resembles a Context-Based (CB) predictor introduced in [4].
The two predictors, however, have significant differences in terms of the information that is used to access the
tables. The implications of the similarities and differences of the two predictors are discussed in Section 2.4.

Orthogonal issues regarding memory structures and predictors are relevant here also - (associdtivity, re-
placement policy, hash functions for combining information etc). Although these issues represent important

directions of research we do not address them in this paper but leave them for future work.

2.3 DBVP with Propagation through Memory Dependences

DBVP so far ignores the effects of memory dependences because it only propagates dependence information
through register dependences. In particular, when a load and its dependent instructions are predicted, the
predictions are based on the dependence information of the registers used to compute the address for the load.
Thismay be sometimes an accurate indication of the value behavior of aload, however, there are cases where
such correlation does not exist - after all, addresses are mainly side effects of communication through memory.
And thisleads naturally to misprediction of the load and its dependent instructions.

Consider the following IR that belongs to a loop where the induction variable was spilled to memory. The

column labeled output values shows the values produced by each instruction when the loop executes.
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Figure 3. Dependence-Based Value Predictor with Register and Memory History

OpType Operands GR Output Values

1 Id $2,($28) 28 0123,..63
2 add $2,$2,1 28  1,2,34,.64
3 « $2,($28) 28

4 dii $2%264 28 (081

5 beq $290,LL1 28

Assume the above sequence is going to be predicted and the value of register history corresponding to
register $28 is known (and is constant for all executions of the sequence).

Although the values produced by instructions 1, 2 and 4 are repeating, the DBV P predictor will be unable
to predict them correctly. This is the case because the value of their GR ($28) is constant and therefore the
index formed to access the VPT will be constant. Thisis an undesirable situation since different output values
of an instruction have the same generate value.

This problem can be resolved by:
¢ propagating DR through memory dependences, and
¢ converting load dependence values of an IR to liveins.

DR propagation through memory should be employed for store-load dependencesin the same IR. These would
convert def-store-load-use dependence chainsin an IR to adef-use chain. For loads with dependencesto stores
outsidethe IR, the stored value should become alivein of the IR. These requirements are analogous to the ones

for register dependences.
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Assuming the above are feasible (we will argue for this at the end of this section) then instructions that
depend on loads can be predicted as described next.

The DR construction should be expanded to provide Generate Locations (GL) in addition to Generate
Registers. A GL isanindex into atable (Memory History Table (MHT)) that contains recent values written to
memory (see modified predictor in Fig. 3). The method by which stored values are written/read to/from the
Memory History Table is described at the end of this section.

Load instructions should be predicted as to whether they have a memory dependence. If they do they are
not value predicted and during DR construction () if it is predicted that their dependence value will be found
in the MHT, then the corresponding MHT location is propagated to the load dependent instructions, (b) else
the DR of the instruction producing the value should be propagated to the dependent instructions.

When a load is predicted to not have a dependence on a dynamic store (for reasons such as static data,
i/o, finite MHT size etc) then its output value is predicted based on the dependence information of the address
operands (as described in Section 2.2).

The above discussion for DR construction using dependence information through memory assumed the
following mechanisms : @ memory dependence prediction - that is predicting whether a load depends on a
previous store, b) direct (not through regular memory hierarchy) communication of values from producing
store to dependent load c) communication of DR through def-store-load-use dependence chains.

We believe that previously proposed mechanisms can provide the above functionality [3, 10, 11, 12].
For dependence prediction mechanisms we can employ the mechanisms proposed by [3, 12]. For direct
communication, the MHT used in the predictor can be managed as a transient value cache (TVC)[3] or value
filg[11]. The TVC maintains recently store values and loads predicted to have a dependence in the TVC can
receive their value directly form there. The communication through def-store-load-use dependence chains can
be achieved using speculative memory bypassing[3]. Speculative memory bypassing converts def-store-load-
use to def-use.

Itisimportant to point againthat DR construction need not be performed just before predicting aninstruction,
inonepass. For example, it can be constructed incrementally similar to store setg[12]. We do not investigatethe
details for DR construction but we believe that slightly modified/enhanced schemes for memory dependence

prediction can be used to provide the desired functionality.
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2.4 Dependence-Based vs Context-Based Prediction Value Prediction

Thebasic organization and principle of operation of DBV Pisidentical toaCB predictor [4]. Both predictors(a)
consist of two-level tables, and (b) learn past behavior by associating output values with a given context, when
the same context appears the value associated with the context is predicted to be the next output. However,

important differences exist between the two predictors:
o first level tableis accessed with different information, and
e the context information is different

The first level table of DBVP is indexed with register numbers whereas in a context-based predictor the PC
isused. This represents a significant reduction in the size of the first level table (without compromises in
performance as we will see next). In a previous work was shown that CB predictors required accurate local
history per PC (i.e. large first level table with >4K entries[13, 8]) to achieve high prediction accuracy. With
DBVP a64 entry RHT will be sufficient for most current processors.

Another important implication of the smaller size first level table [4, 8, 9] is on the difficulty level
of implementing recovery from speculative updates. To clarify, in a realistic environment that employs
value prediction it should be expected that some delay will be incurred between prediction and updating.
Consequently, is possible for an instance of an instruction to be predicted before a previous instance of it has
updated the tables (delayed-update). If delayed-updates are frequent, then lower prediction may be expected
for history based predictors since multiple predictions may be performed using the same history (unlike the
case where predictors are updated immediately).

Assuming that delayed updates cause a performance degradation, one way to deal wth them is to specula
tively update the predictor entries. Thisis aimed to advance the contents of a history entry asif the updated
value was available immediately after the prediction was made. For the CB and DBV P the type of information
that needs to be speculatively updated, is the first level table entry. For a context-based predictor the location
corresponding to the PC of the predicted instruction is updated with the predicted value. For DBV P thelocation
inthe RHT corresponding to the destination register of the predicted instruction is updated with the predicted
value.

Speculative updating is complicated by branch misprediction due to updates performed by instructions on

the wrong path of execution. It was shown in [8] that if the history state of a CB is not recovered prior to the
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offending branch on a branch mispredict then prediction accuracy decreases dramatically. All studies using
context-based prediction until know assumed the ability to recover fast large first level table state. But none
was able to demonstrate any realistic scheme that can achieve it[8, 9].

With DBV P recovery of first level table state appearsto befeasible. Thiscan be accomplished by managing
the RHT as arenamed register file (recall that the RHT isindexed with register names).

A potential drawback of the above scheme may be that the GR will need to be trandated and hence the
prediction may come later in the pipeline. We do not explore how critical thisis on performance or possible
ways around it, however we recognize its importance as an important item for future work.

The second important difference between DBV P and CB, isthat the context for aDBV P is the combination
of DR information and register dependences value history. In contrast, the CB predictor relies on the local
history of a PC. The DBVP history information provides the benefits of longer local history with a different
(hopefully simpler) approach.

Consider theexamplein Fig. 1. All instructionsproduce exactly the same sequence every timethe function
they belong is called. Context-based prediction is suited for these cases since it is theoretically capable of
learning and predicting any repeating sequence. However, in the above example each of the instructions
1,2,3,4,5,7 and 10 will incur one or more mispredictions every time the loop is executed if history with less
than 15 previous value is used. Order is the parameter that describes the number of previous values used to
determinewhat is going to be the next value. No mispredictions (following learning) will occur if the predictor
had order 63. Long order can be problematic for two reasons — learning may take longer and in a practical
scheme with finite sized tables may lead to destructive aliasing.

Thisdemonstratesthat context-based prediction is sensitiveto the order and may cause repeating sequences
not to be learned and consequently mispredicted. With dependence-based value prediction the above can be
resolved, because we do not rely on local history but on dependence information and predecessor values. In
our example, the use of $6 as GR enables 100% accuracy, following learning, since each iteration of the loop

will be associated with a distinct GR value.

10
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2.5 Instruction Regions

In the discussion so far we did not describe why IR regions are needed, how are formed, how big they can be
etc. IR regionsare needed to expressthe granularity with which instructionsare processed by agiven execution
paradigm. The size of an IR may have important ramifications on prediction accuracy since the bigger the
granularity the older are the generate values that will be used to predict the instructionsin an IR.

The formation of an IR is the process by which the dynamic instruction stream is divided into IR. Thisis
acritical issue because if an instruction belongs to many IR regions then (a) the predictor training may take
significantly longer, and (b) with afinite prediction table this can result in destructive dliasing. Alsoif an IR is
too big then the likelyhood of predicting multiple instances of the same instruction increases. We are currently
exploring several heuristics for partitioning the dynamic execution of a program to IR that facilitate higher
prediction accuracy and performance.

In the experimental evaluation we will examine only one partitioning scheme that is described in the next

Section 3.

3 Experimental Framework

To evaluate the effectiveness of the proposed predictor and explore the importance of its different parameters
we performed a simulation study. The simulator is based on the simplescalar toolset[14]. The simulation did
not consider microarchitectural parameters because we wanted to avoid having implementation idiosyncracies
influencing our observations. Thus the metric used to compare performance is prediction accuracy.

Simulationswere performed for the integer SPEC95 benchmarks shown in Table 1. The benchmarks were
compiled using the gcc compiler provided with the tool set using -O3 optimization.

We performed experiments for severa configurations. Configurations that use only register dependence
information are denoted as DBV P-R whereas those that use both register and memory information are denoted
by DBVP-M. For al configurations direct mapped tables were used. A DR could contain as many generates
(GR and GL) as needed. The values read from the history tables were folded to as many bits as the log(size
the VPT table) by xoring them together. To form an index into the VPT the hashed generate values and the
DPI information are xored together.

We explored severa types of DPI for predicting an instruction’s: (a) optype, (b) PC, and (c) immediate

11
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Benchmark | Input Dynamic Instructions
Flags Instr. (mil) | Predicted (mil)

compress 30000 e 8.2 5.8 (71%)

gcc -O3 gcce.i 178 120 (68%)

go 99 132 105 (80%)
ijpeg specmun.ppm | 129 108 (84%)
vortex mod train 100 63 (63%)

perl scrabbl.in 40 26 (65%)

xlisp 7 queens 202 125 (62%)

Table 1: Benchmarks Characteristics

values. The eight combinations shown in Table 2 were explored (the first column shows the code denoting
each combination).

We assumed a perfect dependence record construction (we expect thisto be closeto arealistic performance
since memory dependence prediction schemes achieve near optimal performance). The only constrain we
introduced was limited MHT size: we consider the following MHT sizes 0, 1, 4, 16, 64, 256, 1K and ALL.
We assumed an MHT managed as fifo. An MHT table size of 0 means that memory dependences were not
considered.

To gain an insight about the effects of VPT table size, we measured the performance for the following table
sizes: 4k, 16k, 64k, 256k and 1M entries. The default size is 64k entries. The replacement in the vpt table was
guided by a 1 bit counter.

Instruction regions used in the experimentation were fixed length instruction sequences. A sequence length
was reinitialized whenever a value was mispredicted. This may not represent a good heuristic because it can
lead to many distinct IR regions and as a result to slower learning. However, proved adequate to get sufficient
evidence for the prediction accuracy potential of DBV P,

We consider sequence lengthsof 1, 2, 4, 8, 16, 32 and 64 instructions. Instructionsin aregion are predicted
in parallel, and then update their prediction tables. The default IR length is 1 - the case which the predictor is
updated following each prediction. For delay 1 the generate values of an instruction are its inputs values.

To compare the performance of DBVP and context-based prediction we measured prediction accuracies
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Benchmark | Input Dynamic | Instructions
OpType | PC Immediate
HO 0 0 0
H1 0 0 1
H2 0 1 0
H3 0 1 1
H4 1 0 0
H5 1 0 1
H6 1 1 0
H7 1 1 1

Table 2: DPI Configuration

with a 64k entry CB predictor configuration as described in [8]. This predictor uses a 64k entry local history
(first level table) and a 64k entry second level table. The second level table can be shared among al instructions
and is accessed using the last four values produced by an instruction in hashed form (this configuration is
denoted as CB.64K). We also considered the performance of a third-order CB predictor with unbounded first
level table and unbounded second level table per instruction (denoted CB.inf.local)(see [4] for more details
about this configuration).

In some of the experiments 3-tuples and 2-tuples are used to identify a configuration as follows <IR
Length><MHT Size><VPT size> and <MHT size><VPT size>. For averaging prediction accuracies we
used the arithmetic mean.

The paper introduces the concept of dependence-based value prediction, it makes, however, a small effort
towards optimizing its performance. Therefore, the reported results should be viewed as bounds of the

assumptionsand methodol ogy employed and not representative of the overall potential of the proposed scheme.

4 Results

4.1 Register Dependences

13
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Figure4: DBVP-R for Different DPI Configurations

Fig. 4 showsthe prediction accuracy of a DPVB that considers only dependences through registers. For each
benchmark the prediction is shown for eight different DPI configurations.

The objective here is to find a good combination of dependence path information for predicting values.
The data show that the use of DPI is necessary for high prediction accuracy. The DPI HO, that is predict using
generate values but no DPI information is the worst performing across al benchmarks. This indicates that
often different types of instructions have the same input value.

The best performing DPI configuration is the one that includes the optype and the immediate value of the
predicted instruction (H5). Note that the accuracy of H5 is always higher than itsindividual components (H1
or H4). The data show that using only the immediate value (H1) in the DPI is better than none (HO). Its
performance, however, isthe second lowest across al benchmarks because it does not provide any information
to distinguish the value behavior of different typesinstructions- thislow accuracy should be expected because
there are many instructions with no immediate inputs or even with the same immediate inputs. Prediction
accuracy goes higher (the second best overall) when only the OpType is used (H4). The optype is more
effective in distinguishing the predictions between instructions with same inputs but with different type. It can
also create constructive aliasing since different instructions of the same type and value behavior can learn from
each other.

Finally the data show that when comparing configurations that use the PC with configurations that use

the optype but not the PC (H4 and H5), the former provide little or no advantage and in some cases decrease

14
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Figure5: DBVP-R as afunction of VPT size

prediction accuracy (seefor examplegoin Fig. 4). Thismay be caused by a combination of the following: (a)
finite table size, because the use of the PC causes a lot of destructive aliasing, and (b) slower learning, since
each instruction needs to learn its own behavior and can not exploit constructive aliasing due to optypes. Itis
noteworthy that all DPI configurations that use the PC have very similar accuracy, thisthe case because the PC
isauniquely identifying each instruction.

Based on the above results the configuration H5 was used for the remaining experiments.

Fig. 5 shows the performance of the DBVP for different size value prediction tables. The data suggest
that for al benchmarks bigger tables mean higher accuracy. However, with increasing table size the benefits
diminish. The exception to thisisjpeg that appears to have room for higher accuracy with bigger tables. These
results show that oneimportant problem with DBV P predictionisaliasing —it should be interesting to establish
whether capacity or/and conflict misses are the causes of this behavior and come up with waysto reduce their
effects.

Benchmark behavior can be divided in to two groups gcc, go, li, perl and vortex appear to have higher
predictability than compress and jpeg. The distinct features of compress and jpeg is smple control flow
structure and execution driven by their input data. The benchmarks results seem to suggest that high levels of
prediction accuracy may not be feasible for all programs.

Fig. 6 showsthe prediction accuracy as afunction of the IR size. The data show that bigger regions mean

lower accuracy. However, the degradation becomesinsignificant asdistanceincreases. Thisisthe case because
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Figure 6: DBVP-R Accuracy with various IR sizes

with increasing distance is more likely for a misprediction to occur.

The overall degradation with increasing IR is not significant, however its presence suggests that either (a)
the hash function used withimmediate updatesis not as effective with longer IR, or (2) the IR partition heuristic
used, introduced destructive aliasing in the table. We investigated this further by inspection and found that
fixed length IR often forces the same instruction to belong to different IR. Asaresult there is more destructive
aliasing in the prediction table. This underlines the importance of considering the value prediction behavior

when partitioning a program in IR regionsin away that this redundancy is reduced.

4.2 Memory Dependences

In this section we investigate how propagation of dependence information through memory affects prediction
accuracy. Fig. 7 showsfor each benchmark the prediction rate as afunction of increasing MHT table size.

Theresultsindicate that propagation through memory dependence can increase prediction rate significantly
(compare MHT O with MHT 256). The data show that with increasing RHT size prediction accuracy increases,
however, with diminishing returns. The data show that the performance of a small RHT has comparable
performance to the optimal scheme where aload can detect its dependence to any previous store. Thissuggests
that asmall RHT (256 entries) can be sufficient.

It can be observed that the prediction increases are not uniform acrossbenchmarks. Increases are significant
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Figure7: DBVP-M as afunction of RHT size

for gec, go, li, perl and vort but for compressand jpeg are small. These appearsto support theearlier observation
that compress and jpeg value behavior is determined directly from their input data which does not appear to be
very predictable.

Fig. 8 shows the effects of IR size on the accuracy of DBV P with propagation through memory. We can
observe a small degradation (on the average 4%) with update distance of 16. The reasons for the degradation

are similar to the ones for DBV P-R.

4.3 Context Based vs Dependence-Based Value Prediction

In this section we compare the performance of the proposed predictor against a context-based predictor (see
Fig. 9). CB predictor results are for two configurations with immediate updates: the one for afinite and the
other for an unbounded predictor. For DBV P the results are shown with IR length 1 (immediate updates) and
with IR length 16, and without/with dependence propagation through memory. It isimportant to note that the
size of the CB predictor’sfirst level tableis 64K entries whereas for the DBV P the RHT isonly 67 (32 integer,
33 floating point, and 2 multiplication registers).

Theresults show that all DBV P configurations have superior performance over thefinite CB predictor. For
several benchmarksthe configuration DBV P.1.256.64K can provide accuracy over 90%. The most pronounced

improvements are in the case of benchmark go where depending on the configuration the improvements range
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Figure 8: DBVP-M Accuracy for IR sizes 1 and 16

from 20% to 50%. Thisisan indication of the potential of the new predictor.

When comparing DBVP to the unbounded table we can observe that DBV P with propagation through
memory dependences has, in most cases, comparable or better prediction accuracy. The exception is jpeg.
Further investigation, revealed that jpeg is repetitive but the distance between repetition is very long that
capacity misses lead to misprediction. Note that in Fig. 5 with increasing table size the performance of jpeg

went up.

5 Related Work

Several value predictors have been proposed recently[2, 15, 16, 17, 4, 18, 8, 19]. All of them rely on the local
history of an instruction to predict the next value. An exception to the above is the storagel ess value predictor
[20] where the allocation of registers is done in such a way so that instructions are allocated to registers that
contain their predicted output value.

Dependence information is used in [21] for constructing, dynamically, representations of linked data
structures. The representations are used to drive a seperate prefetch engine for getting datainto the cache.

Dependence information isalso used in [22] for constructing, manually, expressionsthat |ead to difficult to
predict branches. When a difficult to predict branch isfetched into a processor, the values of the input registers

of its expression are predicted using a value predictor (any value predictor can do) and the expressions are

18
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executed. This allows the “branch” flow to move ahead of the normal execution enabling the detection of a
misprecicted branch faster.

The proposed predictor is fundamentally different from previous work because it relies on information
propagated through dependences for predicting values. Another important characteristic of the proposed
predictor is that it uses memory dependence prediction for communicating from a store to the consumers of a
load. Thisisborrowed from work done for memory dependence prediction [17, 3, 10, 12]. However, the way
the propagated information isused is new. More specifically, the communicated information is used to predict
the output of the consumers of aload and their successors.

In [5] apredictability model was proposed to investigate the sources of predictable behavior. Some of the
conclusionsin [5] served as starting points for this paper. In particular the observation that the predictability

of an instruction is determined by its predecessors, was one of the hypothesisin this paper.

6 Conclusons and Future Work

In this work we introduced dependence-based value prediction. This is prediction based on dependence
information propagated through registers and memory dependences. The proposed predictor uses memory
dependence prediction for propagating history information from a store to aload’'s consumer instructions. The

history information is used for predicting the output of the consumer instructions.

19
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We provided evidence suggesting that the proposed predictor may have better implementation properties
than previously proposed context-based predictors because it requires small first level table that can be managed
asarenamed register file. Thiscan be used for fast recovery from speculative updates down the wrong execution
path.

Experimental results showed that DBV P can predict with high accuracy. The best performance is obtained
when both register and memory dependences are considered. For several benchmarks accuracy over 90% is
possiblewith a 64K entry prediction table.

A comparison of the DBVP with CB predictor showed that the proposed predictor, for similar value
prediction table cost, can achieve aways better performance. Finaly, we found in some cases that a DBVP
with a 64K entry vpt could outperform unbounded CB predictors.

Some of theissuesthat need further investigation are: (a) dependence record construction (b) the formation
of instructionregions, (c) how to best use dependenceinformation for predicting, and (d) performance eval uation

of the proposed scheme for a given microarchitecture.
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