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Abstract

The continual demand for greater performance and
growing concerns about the power consumption in high-
performance microprocessors make the branch predic-
tor a critical component of modern microarchitectures.
Recent research in applying machine learning tech-
niques to the branch prediction problem has shown in-
credible improvements in branch prediction accuracy
by exploiting correlations in very long branch histories.
Nevertheless, these techniques have not been adopted by
industry due to the high implementation complexity.

In this paper, we propose a global-history Divide-
and-Conquer (gDAC) branch predictor that achieves
IPC rates that are near that of the best neural predic-
tors, but remains easy to implement because they only
make use of simple tables of saturating counters. We
show how to use ahead-pipelining to implement our
gDAC predictor with a single-cycle effective latency.
Our gDAC predictor achieves higher performance (IPC)
than the original global history perceptron predictor
across all predictor sizes evaluated, and outperforms
the path-based neural predictor for predictors 16KB and
larger. At 128KB, gDAC even achieves an IPC rate
equal to the recently proposed piecewise-linear neural
branch predictor.

1. Introduction

While hardware branch predictors have been exten-
sively researched for decades [24], current and future
design trends continue to place an increasing demand
for more accurate algorithms. The drive for faster fre-
quencies through deeper pipelines have increased the

IPC penalty for mispredicted branches [25]. Even if
clock frequencies do not continue to scale as rapidly as
they have in the past decade, branch prediction will still
be the performance bottleneck for future large effective
window size processors [1, 3, 26]. Apart from the per-
formance problems, the combination of deeper pipelines
and wider machine widths have greatly increased the
number of wasted wrong-path instructions flushed on a
branch misprediction. This in turn presents a big prob-
lem for power/thermal-limited high-performance desk-
top and server processors as well as battery-life limited
mobile processors [5]. The demand for better hardware
branch prediction algorithms has not gone away.

Recent research in adapting machine learning algo-
rithms to the branch prediction problem have been very
successful in dramatically increasing branch prediction
rates [7, 9, 11]. Despite the impressive simulation re-
sults of these neural prediction schemes, no industrial
efforts have publicly announced the incorporation of
such a branch predictor into a commercial processor de-
sign. The original perceptron proposal has the shortcom-
ing of a long latency and a fairly complex implementa-
tion [11]. The path-based neural predictor (PBNP) uses
a clever pipelining scheme to address the latency issues
of the original perceptron predictor, and even manages
to further increase the prediction accuracy [7]. Unfor-
tunately, the implementation complexity of the PBNP
increases substantially due to the large number of carry-
completing adders required (as opposed to the more
area- and power- efficient carry-save adders of the origi-
nal perceptron). The recently proposed piecewise-linear
neural predictor (PWL) further increases prediction ac-
curacy, but also substantially increases both the number
of adders and the amount of state that must be saved and
restored for branch misprediction recovery.



Apart from being a performance-critical component,
the hardware branch predictor is also one of the worst
thermal hot-spots in the processor [23]. Except in the
relatively rare instances where the processor is com-
pletely full, the branch predictor must be accessed every
cycle, thus resulting in an activity factor of almost 100%.
The branch predictor circuitry is also timing critical in
that its latency must be minimized to avoid losing perfor-
mance. This timing pressure results in very aggressive
circuit implementations for the branch predictor critical
path logic which in turn further aggravates the power
and thermal problems. Despite the incredible accuracy
of the neural prediction algorithms, the large number of
adders required to implement them, especially the piece-
wise linear neural predictor which may requirehundreds
of adders, may render the predictors infeasible from a
power, thermal and complexity perspective.

The principle contribution of this research is a new
branch prediction technique that achieves neural-class
performance while only employing simple gshare-like
tables of counters for ease of implementation [16]. Re-
stricting the implementation to simple tables of saturat-
ing counters (also called pattern history tables or PHTs)
allows the latency problem to be addressed with ahead-
pipelining or other similar techniques [8, 21, 22] and
avoids the need for the large number of adders. While
traditional PHTs scale very poorly with the branch his-
tory length, our proposed table-based scheme is able
to deal with perceptron-sized branch histories by us-
ing a divide-and-conquer approach. The end result is
the new gDAC branch predictor (global-historyDivide-
And-Conquer).

The rest of this paper provides a detailed analysis of
our proposed branch predictor. Section 2 describes the
previously proposed neural branch predictors and covers
the sources of implementation complexity. Section 3 de-
tails our new gDAC prediction algorithm, which is fol-
lowed by Section 4 which presents prediction accuracy
and overall performance results. Section 5 introduces
the concepts of correlation locality, redundancy and re-
covery to explain why gDAC is able to effectively make
use of a long, but segmented branch history. Finally,
Section 6 summarizes and closes the paper with some
concluding remarks.

2. Background

This section only covers previous work that is most
closely related to the primary focus of this paper: branch
predictors that exploit very long branch histories and
techniques to mitigate predictor latency and complexity.

2.1. Neural Predictors

Traditional PHT-based branch predictors do not scale
gracefully with longer branch history lengths. Forh bits
of branch history, a conventional PHT needs a table size
exponential inh. The neural predictors are interesting
because they can exploit deep correlations from very
long history lengths with subexponential scaling.

The basic perceptron predictor [11] employs a vector
of weights that learns correlations between the branch
direction and the results of previous branches. Figure 1a
shows how a table of weights is indexed by the pro-
gram counter (PC) to choose a single vector of weights,
which is then combined with the branch history regis-
ter in a dot-product operation (each● represents con-
ditionally negating the weight depending on the direc-
tion of the corresponding branch history bit). A Wal-
lace tree reduces theh + 1 weights down to only two
weights inO(log3/2 n) carry-save adder gate delays. A
final carry-completing adder such as a look-ahead carry
adder computes the final sum. The sign of this result-
ing sum indicates the final prediction. The main obsta-
cle to implementing a perceptron branch predictor is the
long latency required to read the weights and then per-
form the large dot-product operation. The need to make
the addition tree as fast as possible introduces a second
problem, which is the power consumed by the adders.
To meet cycle-time targets, the adders must be imple-
mented with fast, leaky transistors which end up costing
in both dynamic and static power consumption.

The second-generation path-based neural predictor
(PBNP) largely solves the latency problems of the origi-
nal perceptron, but it still suffers from significant imple-
mentation complexity [7]. As shown in Figure 1b, the
clever pipelining of the PBNP provides a much faster
effective predictor latency: the critical path is now the
table lookup and a single addition. Unfortunately, this
process still typically takes more than one cycle, which
means the PBNP still must act as an overriding predictor
on top of a first-level single-cycle predictor [10]. The
PBNP also requires a number of adders equal to the
depth of the branch history, further increasing the hard-
ware cost.

The third-generationpiecewise linearneural (PWL)
predictor is actually a generalization of the original
perceptron and path-based neural predictors [9]. The
PWL predictor achieves prediction accuracies that are
even better than the PBNP by attacking the problem
of linearly inseparable branches. Perceptron-based pre-
dictors are traditionally limited in that they can only
learn boolean functions that are linearly separable, that
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Figure 1. (a) The original perceptron predictor, (b) the path-based neural predictor, and (c) the piecewise-
linear neural predictor.

is functions where theh-dimensional space of taken
and not-taken outcomes can be separated by an (h-1)-
dimensional hyperplane. Figure 1c shows a PWL pre-
dictor that deals with linearly inseparable functions by
computingn different linear functions in parallel (in this
example,n = 4 and is illustrated by the four columns
of addition chains), and then using the current branch
address to select from among these functions. In aggre-
gate, these different linear functions form a piecewise-
linear decision surface. The overall lookup delay is
equal to the latency of the table of weights, the addition,
and then a finaln-to-1 multiplexer.

While the PWL predictor can achievevery impres-
sive prediction rates, this performance comes at a cost
of implementation complexity and power. As illustrated
in Figure 1c, the PWL predictor performsn path-based
neural predictions in parallel and then throws away all
but one of these predictions. Although the predictor
only makes use of a single outcome, the PWL still must
have enough adders to compute alln predictions in par-
allel. While a PBNP with a history length ofh requiresh
adders, the PWL predictor multiplies this hardware cost
by n for a total ofnh adders. This represents a signif-
icant cost in area, dynamic power, leakage power, and
overall complexity.

2.2. Predictor Partitioning

Some of the previously proposed prediction schemes
have proposed organizations that decompose or parti-

tion a predictor into smaller components. Skewed pre-
dictors [18] are partitioned to deal with aliasing ef-
fects, hybrid predictors [16] are functionally partitioned
to target different types of correlation, 2bcgskew [21],
the hashed-perceptron [28, 29], O-GEHL [20], and
PPM [17] all propose dividing a predictor into individ-
ual components for targeting different history lengths.
Our history segmentation approach was independently
proposed by Tarjan and Skadron in the context of neural
branch predictors [29]. Many of these proposed tech-
niques are largely orthogonal. For example, one could
consider a segmented, geometric history-length PPM
predictor.

2.3. Other Predictors

Other research efforts have studied the effects of
branch predictor latency on performance. Jiménez and
Lin evaluated several designs for hierarchical branch
predictors for tolerating long predictor access laten-
cies [10]. Seznec and Fraboulet studied the overall prob-
lem of instruction address generation in a fetch architec-
ture that supports multiple instructions per cycle [22].
In particular, they propose a general technique called
ahead-pipeliningthat initiates predictor lookups multi-
ple cycles before the prediction is needed using what-
ever information is currently available. In a similar vein,
Jiménez proposed gshare.fast that uses pipelining tech-
niques to provide effective single-cycle predictions from
a gshare predictor [8].



Similar to the neural predictors, the dataflow branch
predictor also uses very long branch histories, but
the hardware support required is fairly complex [30].
The update stage of the predictor processes branches
andall register writing instructions to determine which
branches affect the dataflow leading to other branches.
Using this information, the lookup stage is able filter out
bits from the branch history that are not relevant, and it
compacts the history register into a much smaller size
that a conventional PHT-like table can handle.

Our gDAC predictor has similarities to other past re-
search. The per-segment predictors make use of the Bi-
Mode prediction algorithm [13]. The root predictor of
the gDAC behaves like the fusion hybrid predictor [14].
We compare our predictor to a conventional gshare [16]
and the neural predictors. We also make use of tourna-
ment hybrids in the analysis section [16].

2.4. Mispeculation Recovery

The pipelined organizations of the PBNP and the
PWL predictors allow for very accurate branch pre-
diction while maintaining reasonable access latencies.
At first glance, it may appear that a branch mispredic-
tion which causes a pipeline flush would expose the
latency of the more thanh stages of the predictor’s
pipeline. To avoid this, suchahead-pipelinedpredictors
must checkpoint the pipeline state for each branch. Af-
ter the processor detects a branch misprediction, the pre-
dictor pipeline’s checkpointed state is flash-copied back
into all of the pipeline latches which allows the predic-
tor to quickly resume making predictions down the new
branch path.

As shown in Figure 1b, the PBNP’s pipeline state
consists of the weights and partial sums at each of the
pipeline latches (solid black lines). Fork-bit weights,
this adds up to aboutkh bits of data.1 For the PWL
predictor, the amount of state that must be checkpointed
increases by a factor ofn to aboutkhn. Using the 32KB
configuration reported in the PWL prediction study,k =
8, h = 26 andn = 8 yields 1664 bits or 208 bytes of
data that must be checkpointed foreverybranch. When
accounting for the fact that the widths of the partial sums
gradually increase, the total state is actually 282 bytes
per checkpoint. A 256-entry reorder buffer would re-
quire at least 51 checkpoints just to satisfy the average
number of branches in the instruction window (assuming
one branch per five instructions). These 51 checkpoints,

1The actual number of bits is even larger because the bit-width of
the adders increases as the partial sums accumulate down the pipeline.
This results in a total ofO(hk + h lg h) bits per checkpoint.

at 282 bytes each, would add over 14KB of extra state
to the 32KB PWL branch predictor. The 32KB PBNP
with a history length of 31 would require 354 bits per
checkpoint, for a total of 2.2KB for the 51 checkpoints.

The implementation challenge for the ahead-
pipelined neural predictors is a direct result of the large
number of pipeline stages (proportional to the branch
history length). This in turn raises the hardware cost
in terms of the number of adders and the amount of
state that must be checkpointed. The goal of our re-
search is the development of a branch prediction algo-
rithm that can exploit long branch histories and achieve
neural-class performance while employing only simple
components in an ahead-pipelined organization.

3. gDAC: An Ahead-Pipelined Neural-
Class Branch Predictor

To maintain simplicity, we limit our predictor to only
use conventional tables of saturating counters (PHTs).
Unfortunately, PHTs do not scale well with increasing
branch history lengths. A history length ofh requires
2h entries in a conventional PHT. Contrast this to a neu-
ral predictor whose size requirements only increase lin-
early with the history length. To deal with very long
history lengths, we propose a Divide-and-Conquer ap-
proach where we partition the branch history register
into smaller segments, each of which can be handled by
a small, implementable PHT. A final table-based pre-
dictor combines all of these per-segment predictions to
provide the overall decision.

3.1. Organization

Our global-history Divide-and-Conquer (gDAC)
branch predictor combines the ideas of ahead-
pipelining [21], history segmentation, and prediction
fusion [14]. Figure 2a shows a generic gDAC branch
predictor. We divide the long global branch history
register into non-overlapping segments.2 Each segment
provides a branch history input to a PHT-based predic-
tor that provides a branch prediction for that segment.
A final root predictor takes all of the per-segment
predictions as part of its input vector and computes the
final prediction.

For a given hardware budget, much of the state will
be consumed by the first-level segment predictors, and
some portion of the state must be dedicated for the root

2We conducted some experiments with overlapping segments as
well, but there was no net benefit. For some applications overlap im-
proves prediction accuracy, in other applications it decreases accuracy.
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Figure 2. (a) Conceptual schematic of divide-and-conquer for long branch histories, (b) our gDAC predic-
tor, and (c) the ahead-pipelined implementation of gDAC prediction.

predictor. For very long history lengths and large hard-
ware budgets, it is conceivable to build multiple levels
of predictors each covering unique segments and sub-
segments. For this study, we only considered two-level
organizations as depicted in Figure 2a.

While conducting our design space exploration, we
found that it was very important to make the per-
segment predictors as accurate as possible. Unreli-
able inputs for the root predictor result in a “garbage-in
garbage-out” scenario. To reduce the effects of destruc-
tive interference in the segment predictors, we used a Bi-
Mode organization [13] instead of conventional gshare-
style predictors. A Bi-Mode predictor sorts branches
into two tables: one that tracks branches that are usually
taken, and a second that tracks branches that are usu-
ally not-taken. The idea is that if two branches map to
the same entry, but both are usually taken (or both not-
taken), then the interference will be neutral. A third ta-
ble called the choice-PHT tracks the bias of each branch
and is used to select one of the two tables. Figure 2b
shows the overall organization of our gDAC predictor.
Note that the Bi-Mode segment predictors all share a
single choice-PHT, which reduces the overhead of im-
plementing interference reducing predictors. Similar to
the shared hysteresis arrays of the 2bc-gskew predic-
tor [21], we use only one hysteresis bit for every two
direction bits in each PHT. The per-segment predictions

form an index that selects a counter from a line of the
prediction fusion table.

We also found that for some predictor sizes and con-
figurations, it is beneficial to use a longer branch his-
tory segment than the number of bits required to index
a PHT. For example, a 1024-entry PHT uses a 10-bit in-
dex, but a 17-bit segment may provide more correlation.
This can be viewed as a segmented extension of how
2bcgskew and O-GEHL use long history lengths. For
per-table history lengths ofh0, h1, ..., 2bcgskew and O-
GEHL use a total history length equal to the maximum
of thehi’s, whereas gDAC uses thesumwhich provides
a larger possible total history length.

Our gDAC root predictor is a simple fusion predic-
tor [14]. We hash the most recent global history with the
branch address, and then concatenate the per-segment
predictions to form a final index. The index selects a
4-bit counter from a standard PHT structure where the
most significant bit of the counter determines the fi-
nal prediction. We experimented with Bi-Mode [13],
skewed [18], and shared-hysteresis [21] fusion predic-
tors and found that the simple PHT performed the best.

The update operation of the predictor is straightfor-
ward. Each segment predictor follows the update rules
for a conventional Bi-Mode predictor, including the par-
tial update policy. The root predictor performs a satu-
rating increment or decrement of its counter depending



on whether the final branch outcome was taken or not-
taken, respectively.

3.2. Ahead-Pipelining the gDAC Predictor

As described in their original studies, the Bi-Mode
predictors and the prediction fusion mechanism are not
ahead-pipelined. We propose to modify the Bi-Mode
and fusion table to implement an ahead-pipelined gDAC
predictor (Figure 2c). A conventional Bi-Mode predic-
tor’s choice-PHT uses the current branch address as an
index. Instead, we initiate the choice-PHT lookup 3 cy-
cles ahead of when the final prediction is needed by us-
ing whatever branch address was available at that time.
In parallel, we also initiate the PHT lookups for the per-
segment predictors and the fusion root predictor using
the currently available PC and the corresponding branch
history segment. The bank select and row decode for the
SRAMs that implement the PHTs use the indexes gen-
erated in cyclet-3 to select a row of counters. In cycle
t-1, bits from the then current PC are used in the col-
umn select mux of the SRAM array. We organize the
SRAM such that a single word contains the predictions
for 2N counters. In cyclet, we use thep bits from the
current PC combined with thes per-segment predictions
to select the final prediction (thereforeN = p + s).

Note that for segment 1, the three most recent (rela-
tive to cyclet) branch outcomes have not yet been pro-
duced. We instead incorporate these by XOR-ing them
with the branch address in cyclet when they are all
available.

The checkpointing mechanism behaves in a fashion
analogous to the gshare.fast predictor [8]. A gshare.fast
predictor that is ahead-pipelined by three cycles needs
to checkpoint eight bits of information corresponding
to the eight possible outcomes of the three branch his-
tory bits generated during each of ahead-pipelined cy-
cles. For our gDAC predictor, we also need to keep
eight versions of the predictor state for a three-cycle
ahead-pipelined implementation. Assumingp = 3 and
s = 2 (this is the case for our 32KB configuration de-
tailed later), each “version” of the predictor state con-
tains eight bits for each of the PHT structures, and 32
bits for the fusion table. This totals to 8 bits for the Bi-
Mode choice PHT, 8 bits for each of the per-segment T-
PHTs and NT-PHTs (in this example, 3 segments yields
6 PHTs), and the 32 bits for the fusion table, for a to-
tal of 88 bits or 11 bytes. Using the same assumptions
about the ROB size and number of checkpoints needed
for the PBNP and the PWL predictors, this adds up to
561 bytes of state.

The total amount of checkpoint state for the gDAC
predictor is significantly less than what is needed for the
PWL and PBNP predictors. For smaller hardware bud-
gets, the number of cycles that the gDAC predictor must
be ahead-pipelined decreases which further reduces the
checkpointing overhead. If it is necessary to further re-
duce the checkpoint size, the number of PC bitsp used
for the final selection can be reduced.

3.3. Overall Configurations

The best gDAC configurations are different depend-
ing on the available hardware budget. The number of
segments, the total amount of branch history used and
the sizes of the different tables all vary. Table 1 lists
the best gDAC configurations found for a range of hard-
ware sizes. These are the best chosen from a large
search space where we varied the number of segments,
the sizes of individual segment predictors, the size of the
Bi-Mode choice PHT, the size of the fusion table relative
to the segment predictor sizes and the amount of branch
history.

3.4. Power Consumption

In this section, we will provide a brief qualitative
comparison of the power consumption of neural predic-
tors and gDAC. A detailed power analysis is beyond the
scope of this study as that would require circuit-level
implementations of all of the predictors, as well as full-
CPU power simulations to observe the impact of reduc-
ing wrong-path instructions on overall power consump-
tion.

The power consumption of neural predictors come
from several sources. In particular, we will discuss path-
based neural predictors [7], which include the piecewise
linear predictor [9]. To avoid long pipeline delays dur-
ing the update of path-based neural predictors, the ta-
ble of weights is divided into one table per history bit
plus one table for the bias. The large number of tables
makes each individual table smaller, which in turn re-
duces the effectiveness of power-saving techniques like
banking and sub-banking [27]. Predictors based on a
few large PHT structures, such as gshare, 2bcgskew, or
gDAC, may be more amenable to banked SRAM orga-
nizations to reduce power consumption. Note that while
the per-segment Bi-Mode predictors functionally have
two PHTs each, the same is index is used for both tables,
which allows them to be implemented as a single phys-
ical table where each entry contains one counter from
each of the logical tables.



1.5 bits per entry (shared hysteresis bit) 4 bits per entry
Hardware Number of Bias PHT PHT Entries (for each T-PHT and NT-PHT) Root Predictor Per-Segment (Total)
Budget Segments Entries Segment 1 Segment 2 Segment 3 Entries History Length
2KB 2 2048 2048 1024 —- 1024 7/14 (21)
4KB 2 4096 4096 2048 —- 2048 12/16 (28)
8KB 2 8192 8192 4096 —- 4096 12/16 (28)
16KB 3 8192 8192 8192 8192 8192 10/10/10 (30)
32KB 2 32768 32768 16384 —- 16384 17/25 (42)
64KB 3 65536 65536 32768 16384 16384 17/25/38 (80)
128KB 3 131072 131072 65536 32768 32768 18/27/41 (86)

Table 1. The gDAC configurations evaluated in this study.

The computational nature of the neural-inspired al-
gorithms requires many adder circuits to compute the
weighted sums. A conventional path-based neural pre-
dictor requires 30-50 adders; the piecewise-linear pre-
dictor requires 2 to 8timesmore adders (one set per par-
allel linear function computation). While predictors like
O-GEHL [20] and the modulo-path variant of the path-
based neural predictor [15] reduce the number of adders
down to about only 8, this still takes up an area that is
similar to a full 64-bit adder.3 The update logic, which
is not frequently discussed, also requires a full comple-
ment of additional adders to increment and decrement
the weights during the training process.

A PHT-based predictor allows for a partitioning of
the prediction and hysteresis arrays [21]. Besides allow-
ing different sized arrays to reduce area and power, the
hysteresis array is not required during prediction lookup
and therefore can be placed in a location in the proces-
sor that is physically separated from the prediction ar-
ray. This in turn can reduce power density, which affects
thermals, by moving the dynamic and leakage power as-
sociated with the hysteresis array away from the predic-
tion arrays. Contrast this to the neural and O-GEHL
predictors where the entire weight is required to com-
pute the final prediction. For these predictors, there is
no opportunity for partitioning the SRAM arrays to re-
duce power density.4

As compared to a gshare predictor, gDAC will con-
sume more power because it contains extra logic for sup-
porting prediction fusion and Bi-Mode selection within
each component predictor. On the other hand, gDAC’s
superior prediction accuracy decreases overall power
consumption by reducing the number of wrong-path in-

3Each neural adder is typically 8 bits wide. Eight such adders has
the area of about a full 64-bit adder, less the area required for the upper
levels of the carry-propogate circuit.

4We evaluated neural predictors that use two sets of arrays: one for
the most significant bits of the weights, and one for the least signifi-
cant bits. We computed the prediction using only the array containing
the most significant bits (thus allowing the second array to be placed
elsewhere to manage power density), but this substantially reduces the
prediction accuracy.

structions. Compared to a path-based neural predic-
tor, gDAC has the power advantages of being imple-
mented with only a few PHT-based structures, a PHT
and multiplexor-based fusion mechanism as opposed
to a network of adders, reduced checkpointing over-
head, and a simpler update mechanism. We believe that
the combination of these characteristics makes gDAC a
more power- and complexity-effective way to achieve
neural prediction rates.

4. Evaluation and Results

In this section, we first explain our simulation
methodology, and then we present the prediction accu-
racy and IPC results for the gDAC predictor as well as
for several other recent predictors.

4.1. Methodology

We started with the SimpleScalar 4.0 infrastructure
for the Alpha instruction set architecture [2]. For our
initial design space exploration, we used an in-order
simulator based off of the sim-safe functional simu-
lator. Our timing simulator is a modified version of
MASE [12]. In particular, we accurately simulate spec-
ulative branch history updates during fetch with non-
speculative predictor updates deferred until the commit
stage and branch history recovery on mispredictions. We
also simulate a full front-end decode pipeline instead of
merely stalling fetch for a number of cycles equal to the
mispredict penalty. The overall configuration is similar
to that used in the Piecewise Linear prediction paper [9],
and the details are listed in Table 2. Functional unit la-
tencies are set identical to the Pentium 4, except that the
integer unit is not double-pumped [6].

We evaluated the branch predictors on the twelve
SPEC integer benchmarks, using the reference inputs.
To reduce the simulation time, we used 100 million in-
struction samples chosen with the single-early method
of the SimPoint tool [19]. The SPEC binaries were com-



Machine Width 16-wide IL1 16KB, 2-way, 3-cycle
IFQ Size 16 entries DL1 16KB, 4-way, 3-cycle

Scheduler Size (RS) 128 entries L2 (unified) 512KB, 8-way, 7-cycle
ROB Size 512 entries L3 (unified) 8MB, 16-way, 20-cycle

Load Queue Size 64 entries Main Memory 500 cycles, 64-bit bus
Store Queue Size 64 entries ITLB 64-entry, fully associative, 4KB pages
Branch Penalty 40 cycles DTLB 64-entry, fully associative

Scheduler Replay 3 cycles L2-TLB 1024-entry, 8-way
Memory Dependency Prediction Always no-alias Functional Units 16 Int-ALU, 4 Int Mult, 4 cache ports

BTB 4096 entry, 4-way 8 FP-ALU, 4 FP Mult/Div
Hardware Prefetcher 16 Stream Buffers, 8 entries each

Table 2. The processor configuration used for our timing/IPC simulations.

piled on an Alpha 21264 using the Compaqcc compiler
with -O4.

We compared our gDAC predictor against all three
generations of neural branch prediction algorithms, as
well as the gshare predictor for reference. We chose
the best performing predictor configurations for differ-
ent hardware budgets by sweeping all history lengths up
to 64 bits and testingn={2,4,8} for the PWL predic-
tor. The configurations are listed in Table 3, and for our
applications the PWL predictor performed the best with
n = 8 for all predictor sizes. While a real implementa-
tion would implement all of the neural predictor tables
with a power-of-two number of entries, we do not im-
pose this restriction which allows for better performing
neural predictors. This places a slight handicap on the
gDAC predictor since we do restrict its PHTs to always
have a power-of-two number of entries.

4.2. Accuracy Results

First we look at the branch prediction accuracy across
the range of hardware budgets considered. Figure 3
shows that for small hardware budgets, the gDAC pre-
dictor provides prediction accuracies that are compara-
ble to the original perceptron predictor. At moderate
predictor sizes, gDAC catches up with the path-based
neural predictor. Even at the largest sizes considered, the
PWL predictor consistently provides the best prediction
rates. The reasons why PWL provide a better overall
accuracy is that PWL makes use of the full branch ad-
dress, whereas gDAC does not due to its ahead-piplined
organization, PWL makes use of a longer path history,
and PWL’s large number of separately indexed tables
provide more interference tolerance. Overall, the gDAC
predictor achieves raw prediction accuracy that is on par
with the PBNP. The overall performance impact will
also be affected by the latency characteristics of these
predictors.

On a per-benchmark basis, the 128KB gDAC predic-
tor consistently meets or beats the prediction accuracy
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Figure 3. Average misprediction rate over a
range of predictor sizes in misprediction-per-
thousand instructions averaged across the
SPECint benchmarks.

of the PBNP. Figure 4 shows the misprediction rates for
each of the twelve SPECint benchmarks for the 128KB
versions of all of the predictors evaluated. For gcc and
vortex, the gDAC predictor performs slightly worse than
the PBNP, but only by a very small margin. For eon, gap
and mcf, the gDAC predictor actually beats the highly
accurate PWL predictor.

4.3. IPC Results

For our performance simulation, we assume an over-
riding branch predictor hierarchy for the neural predic-
tors. The initial predictor is a 2048-entry table of satu-
rating two-bit counters. For the perceptron and PBNP
predictors, we use the latencies reported in earlier stud-
ies [7]. For the PWL predictor, we conservatively as-
sume no additional latency overhead as compared to an
equal-sized PBNP. While we assume ahead-pipelining
of our gshare to enable a single-cycle latency, we con-
servatively allow the predictor to make use of the full
branch address (normally gshare.fast only uses about
three bits of the current PC which reduces accuracy).



gshare.fast perceptron PBNP PWL-neural
Hardware Table Size History Rows in Table History Rows in Table History Rows in Table History
Budget (Entries) Length of Weights Length of Weights Length of Weights Length
2KB 8192 12 75 26 81 24 73 27
4KB 16284 14 151 26 141 28 113 35
8KB 32768 15 182 44 282 28 167 48
16KB 65536 16 260 62 381 42 341 47
32KB 131072 16 520 62 697 46 528 61
64KB 262144 17 1057 61 1394 46 1057 61
128KB 524288 18 2114 61 2788 46 2114 61

Table 3. Configurations for the previously proposed predictors used in our simulations.
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Figure 4. Per-benchmark misprediction rates at
a 128KB budget.

The gDAC predictors provide single-cycle prediction la-
tencies due to their ahead-pipelined implementations.

Figure 5 shows the absolute geometric mean IPC
for each of the predictors simulated across the range
of hardware budgets. For all predictor sizes, gDAC
achieves a higher IPC rate than a processor that uses a
conventional perceptron predictor. This is due to a com-
bination of the perceptron’s long latency and, at larger
hardware budgets, gDAC’s higher prediction rate. From
16KB and larger, gDAC delivers more performance than
the PBNP. At the largest size considered, gDAC man-
ages to break even with the PWL predictor. The PWL
predictor attains a higher prediction accuracy, but the
difference in predictor latencies allows gDAC to catch
up with the PWL predictor.

5. Analysis

History segmentation divides the global branch his-
tory into multiple smaller intervals. The benefit is that
each of these individual segments are more easily han-
dled by conventional table-based predictors. One possi-
ble disadvantage is that branch outcomes that depend on
correlations with history from multiple segments may be

1

1.05

1.1

1.15

1.2

1.25

1.3

1.35

1.4

Size (KB)

G
eo

. M
ea

n 
IP

C

gshare
perceptron
path-neural
PWL
gDAC

2 4 8 16 32 64 128

Figure 5. Geometric mean IPC over a range of
predictor sizes for SPECint.

difficult to predict. The gDAC predictor is able to cope
with this due to the phenomenas ofcorrelation local-
ity andcorrelation redundancy, and through the fusion
mechanism’s ability to performcorrelation recovery.

5.1. Correlation Locality

The perceptron is very useful to analyze branch cor-
relation because there is a weight associated with each
bit of history, and the magnitude of the weight indicates
the degree of correlation. Using an interference-free per-
ceptron predictor, we tracked the relative importance of
each bit of history by monitoring the weights for each
static branch.

By sampling the distribution of weights and plotting
the results, we are able to visually locate the strongest
branch correlations, and observe how they change with
time. For each sample point, we compute the weighted
correlation sum for each bit of branch history by adding
the absolute value of the weights corresponding to that
bit of history. These values are then normalized by the
sum of the absolute value of all weights, weighted again
by frequency. This is repeated every one million instruc-
tions for a total of one hundred sample points.
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Figure 6. The distribution of global branch correlation as determined by the weighted average of an
interference-free perceptron’s weights over 100 million instructions.

Strong branch correlations tend to cluster together.
Figure 6a shows the average correlation distribution
for the SPECint benchmarks. Darker areas represent
stronger correlation. There are distinct bands of strongly
correlated branches, and the more recent branch out-
comes tend to be more important. On a benchmark-by-
benchmark basis, the distributions are more varied and
the correlation locality is much more striking. Figure 6b
shows the correlation profile for bzip2. A few different
phases of correlation behavior are visible in this simula-
tion point. In the first phase (samples 0-25) there is one
dominant cluster consisting of the most recent branch
to about the 12th most recent. Then there are two sec-
ondary clusters consisting of branches 13-17 and 20-24.
The second phase (samples 26-40) shows several larger
clusters. Figure 6c shows that parser also exhibits sim-
ilar correlation locality. The remaining applications are
not shown for brevity, but also demonstrate similar lo-
cality. The existence and prevalence of correlation lo-
cality suggests that the potential loss of correlation due
to history segmentation should be limited.

5.2. Correlation Redundancy

Past studies have shown that only a few branches are
needed from the global history register to provide most
of the correlation benefit. Evers showed that using the
three most important bits (determined with hindsight)
provides performance that is very close to that obtained
by using the entire branch history register [4]. Thomas
et al. show that only those branches that guard dataflow

ancestors of the current branch, called affectors, are re-
ally important for branch correlation [30].

We hypothesize that one of the reasons the gDAC pre-
dictor can tolerate a segmented history is that correla-
tions conveyed by branch history bits not included in a
segment have a good chance of being conveyed by other
bits that are included in the segment due tocorrelation
redundancy. That is, several history bits may be heavily
cross-correlated, and it is sufficient for a predictor to ex-
tract correlations from a subset of these bits. If some of
these bits fall outside of the current segment, it may not
seriously affect the predictability of the branch because
other correlated branches still exist within the segment.

To provide evidence to support our hypothesis, we
simulated the 16KB gDAC predictor, but we replaced
the per-segment Bi-Mode predictors with per-segment
perceptrons. Using perceptrons, we are able to pick and
choose which branches we wish to contribute to the final
prediction. In particular, we modify each perceptron to
only use itsk largest weights when computing its pre-
diction. Figure 7 shows normalized prediction rates as
the number of weights used is varied. Zero percent on
the y-axis represents the prediction accuracy when no
weights are used (all per-segment predictors always pre-
dict taken, and the root predictor makes the final pre-
diction with no outside help), and 100% corresponds to
when all weights are used. Superimposed on Figure 7 is
the average percentage of the total “weight-mass” used.
For example, if there were only three weights of values
-5, -30 and +15, then choosing the single largest weight
would cover 60% of the sum of the absolute weights;
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choosing the two largest weights (-30 and +15) covers
90% of the total available weight-mass. When we con-
sider only the largest weight per segment, we make use
of only about 32% of the available weight-mass while
being able to achieve 83% of the benefit of using all
weights. Using a small portion of the available corre-
lation to obtain most of the benefit indicates that the ex-
cluded weights do not contribute much additional useful
information, or that their correlations are redundant.

5.3. Correlation Recovery

Another reason why the gDAC predictor is able to
tolerate segmentation of the global history is that the
fusion-based root predictor is able to reconstruct some
of the cross-segment correlations that the individual seg-
ment predictors cannot see. To verify this, we again
used the 16KB gDAC predictor (with the original Bi-
Mode segment predictors), but we replaced the fusion-
based root predictor with a selection-based mechanism.
The 16KB gDAC uses three segment predictors. A tour-
nament meta-predictorM2,3 [16] chooses between the
second and third segment predictions, and then another
tournament meta-predictorM1 chooses between the first
segment and the prediction chosen byM2,3. Because
the selection process can only choose a single predic-
tion, only information from a single segment can be
utilized and cross-segment correlations cannot be han-
dled. Contrast this with a fusion-based root predictor
that can attempt to combine information from all seg-

ments. The fusion approach achieves 3.6% fewer mis-
predictions than using selection, which provides evi-
dence that our gDAC root predictor is indeed able to
recover some cross-segment correlation.

6. Conclusions

Despite the neural branch predictor’s ability to
achieve phenomenal prediction rates, the associated
complexity due to latency, large quantity of adder cir-
cuits, area and power are still obstacles to the indus-
trial adoption of this technique. Instead of trying to
find a new formulation of the perceptron for easy im-
plementation, we chose to design a new predictor that is
quite different from the previous neural approaches but
still takes advantage of the same phenomena of deep-
history branch correlations. We have demonstrated that
it is possible to achieve neural-class prediction rates and
IPC performance using only simple PHT structures. The
PHT-only approach enables a straight-forward ahead-
pipelined implementation, and it also reduces the cor-
responding checkpointing overhead. As a result, we
believe that the gDAC predictor is a practically imple-
mentable means of achieving the prediction accuracy of
a neural branch predictor.
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