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MIXED-SIGNAL APPROXIMATE
COMPUTATION: A NEURAL
PREDICTOR CASE STUDY
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AS TRANSISTORS SHRINK AND PROCESSORS TREND TOWARD LOW POWER, MAINTAINING

PRECISE DIGITAL BEHAVIOR GROWS MORE EXPENSIVE. REPLACING DIGITAL UNITS WITH

ANALOG EQUIVALENTS SOMETIMES ALLOWS SIMILAR COMPUTATION TO BE PERFORMED

AT HIGHER SPEED USING LESS POWER. AS A CASE STUDY IN MIXED-SIGNAL APPROXI-

MATE COMPUTATION, THE AUTHORS DESCRIBE AN ENHANCED NEURAL PREDICTION

ALGORITHM AND ITS EFFICIENT ANALOG IMPLEMENTATION.

......In future processor designs,
the chip’s power budget will likely limit the
amount of logic used to accelerate program
performance. One potential path for
advancement is to leverage power-efficient
analog circuits by composing mixed-signal
units that increase program performance
while incurring only a small increase in
power consumption. Figure 1 shows a model
for programmable, general-purpose, mixed-
signal approximate computation. The design
must minimize the power required to con-
vert parameters from digital to analog and
results from analog to digital. Additionally,
a low-power inner loop of analog storage
and computation should amortize the
power consumed by conversions. In this
scheme, a string of computations executes
with intermediate values placed in analog
storage before the circuit converts the
final result to a digital value that can be
stored in a digital memory construct.
Interaction with the digital domain is

necessary, however, to constrain noise
accrual in the analog domain. Digital feed-
back periodically adjusts for analog noise
and updates analog values to keep compu-
tational accuracy at an acceptable level.
Analog storage is a necessary component
of this model and could consist of capaci-
tors, floating-gate memory cells, or phase-
change memory cells.

As a case study in mixed-signal approxi-
mate computation, this article evaluates an
aggressive neural predictor design that uses
analog circuits to implement the power-
intensive portion of the prediction loop.
The circuit uses lightweight digital-to-analog
converters (DACs) to convert digitally stored
weights into analog currents, which it then
combines using current summation. To
compute the perceptron dot product, the cir-
cuit steers positive weights to one wire and
negative weights to another. A comparator
determines which wire has a higher current
and produces a single-bit digital prediction,
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University of Texas

at San Antonio

Doug Burger

Microsoft Research

..............................................................

104 Published by the IEEE Computer Society 0272-1732/09/$25.00 �c 2009 IEEE

Authorized licensed use limited to: IEEE Xplore. Downloaded on April 6, 2009 at 10:42 from IEEE Xplore.  Restrictions apply.



effectively operating as an analog-to-digital
converter (ADC).

Branch prediction remains a key com-
ponent for enhancing single-threaded per-
formance in general-purpose processors.
Neural branch predictors have shown
promise in attaining some of the highest
prediction accuracies, but they tradition-
ally have poor power and energy character-
istics. The need to compute a dot product
for every prediction, with potentially tens
or even hundreds of elements, has limited
neural predictors’ applicability, making
them unsuitable for industrial adoption in
their current form.

A new prediction algorithm—the scaled
neural predictor (SNP)—uses an accuracy-
improving feature, which is infeasible to
implement in a purely digital design, that
scales weights using an inverse linear func-
tion, effectively multiplying each weight by
a constant. The analog implementation—
the scaled neural analog predictor (SNAP)—
achieves accuracy close to L-Tage1 and an
improvement over the piecewise linear
branch predictor, one of the best previous
neural predictor designs. (See the ‘‘Back-
ground on Neural Predictors’’ sidebar for
related work in this area.)

Analog-enabled neural prediction algorithm
The power and latency reductions

afforded by analog design allow improve-
ments to neural predictors that are infeasible
in a purely digital domain. The primary
improvement enabled by the analog design
is the ability to scale individual weights
using predetermined coefficients based on
history position.

The vector of weights represents the con-
tribution of each branch in a given history to
predictability, but each branch doesn’t con-
tribute equally. Unsurprisingly, more recent
weights tend to have a stronger correlation
with branch outcomes. Figure 2 quantifies
this nonuniform correlation for a neural
predictor with a history length of 128. The
x-axis represents a weight’s position in
the history (x¼ 0 represents the bias weight).
The y-axis gives the average correlation coef-
ficient (Pearson’s r) between actual branch
outcome and the prediction obtained using

only the weight in position x. The bias
weight has the highest correlation with
branch outcome, and the weights corre-
sponding to recent branches have a much
stronger correlation than those correspond-
ing to older branches.

By multiplying weights with coefficients
proportional to their correlation, the pre-
dictor achieves higher accuracy. The
weights alone partially capture this correla-
tion, but older branches sometimes intro-
duce noise into the prediction result.
Scaling weights based on their history posi-
tion helps eliminate this noise. The analog
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implementation achieves the weight scaling
by varying transistor sizes, whereas a digital
implementation would need to perform a
number of power-prohibitive multiplications
for each prediction.

The SNP algorithm achieves higher accu-
racies than previously proposed neural algo-
rithms. The higher accuracies result from

� accessing the weights using a function
of the program counter (PC) and the
path (with no ahead pipelining),

� breaking the weights into several inde-
pendently accessible tables,

� scaling the weights by the coefficients as
previously described, and

� taking the dot product of a modified
global branch history vector and the
scaled weights.

Figure 3 shows a high-level diagram of
the prediction algorithm and data path.
This diagram doesn’t represent the actual cir-
cuit implementation, which we describe in
the next section.

The predictor’s two key parameters are h,
the length of the vector consumed in the dot
product, and r, the number of rows in each
weights table. In this design, h ¼ 128 and
r ¼ 256, 512, or 2,048. Other inputs to
the predictor are A, a vector of the low-
order bit of each of the past h branch
addresses (A is effectively a path vector),
and H, the global branch history register.
This design uses a history register H of
40 bits.

The two components of the dot-product
computation are the history vector and the
weights vector. The history vector consists of
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Background on Neural Predictors

Most proposals for neural branch predictors derive from the percep-

tron branch predictor (see Figure A).1,2 In this context, a perceptron is

a vector of h þ 1 small integer weights, where h is the predictor’s his-

tory length. The predictor keeps a table of n perceptrons in fast memory.

It also keeps a global history shift register of the h most recent branch

outcomes (1 for taken, �1 for not taken).

To predict a branch, the predictor selects a perceptron using a hash

function of the program counter (PC)—for example, taking the PC mod

n. It computes the perceptron’s output as the dot product of the weights

vector and the history shift register. An extra bias weight in the percep-

tron is added to the dot product, adjusting for heavily taken or not-taken

branches. A negative weight value denotes an inverse correlation

between the direction of the branch in the corresponding history position

and the current branch. The magnitude of the weight indicates the

strength of the positive or negative correlation. If the dot-product result

is at least 0, the branch is predicted taken; otherwise, it’s predicted not

taken.

When the branch outcome becomes known, the predictor updates the

perceptron that provided the prediction. The perceptron is trained on a

misprediction or when the magnitude of the perceptron output is

below a specified threshold value. Each correlating weight in the percep-

tron is incremented if the predicted branch has the same outcome as

the corresponding bit in the history register (positive correlation) and

decremented otherwise (negative correlation) with saturating arithmetic.

1 −1 1 1 −1
Program
counter (PC)

(1) (2)

Hash function

Table
index 8 4 −10 3 −6 1

×

Weights vector and bias

Branch history register

=
3 (dot product) + 1 (bias) = 4

Updated weights
vector and bias

×

7 5 −11 2 −5 0

1 −1 1 1 −1

Branch history register

= −2 + 0 = −2

Figure A. Perceptron branch predictor prediction and training. The first time the branch is accessed, the perceptron output

is greater than 0, so the branch is predicted taken (1). If the branch was not taken, misprediction triggers training. Weights

with a �1 in the corresponding history position are incremented, whereas weights with a 1 in the position are decremented.

The next time the branch is accessed, the perceptron output is less than 0 and the branch is predicted not taken (2).
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h ¼ 128 bits, which is expanded from the
40 bits of H. The use of redundant history
can improve prediction accuracy,2 so this pre-
dictor replicates the 40 branch history bits to
obtain the required 128 as described elsewhere.3

The weights vector is obtained by reading
eight weights from each of 16 tables, and a sin-
gle weight from a table of bias weights. The bias
weights table has 2,048 entries. The first table,
containing the weights for the most recent his-
tory bits, has 512 entries because the most
recent weights are the most important. The
other tables each have 256 entries to keep
the total predictor state under 32 Kbytes.
The tables are partitioned into 16, rather
than just one large indexed row of 128 weights,
because the separation reduces aliasing and
achieves higher accuracy with low additional

complexity. To generate an index for each
table, a fraction of the A vector is XORed
with the low-order bits of the branch PC.

When a branch’s outcome becomes known,
it’s shifted into H. The lowest-order bit of the
branch address is shifted into A. A high-
accuracy implementation must keep specu-
lative versions of H and A that are restored
on a misprediction. If the prediction is
incorrect, or if the magnitude of the predic-
tor output is under a set threshold, the pre-
dictor invokes its training algorithm. As in
previous neural predictors, the weights
responsible for the output are incremented
if the corresponding history outcome matches
the current branch outcome and decre-
mented otherwise. The weights use saturat-
ing arithmetic.
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The bias weight is incremented or decremented if the branch is taken or

not taken, respectively. Figure A illustrates a perceptron producing a pre-

diction and being trained.

Later research addressed neural predictor power and area3,4 and sig-

nificantly improved latency and accuracy.5 Neural predictors achieved

the highest reported prediction accuracy until recently, when Seznec

introduced L-Tage,6 a predictor based on partial matching.L-Tage is

also more feasible to implement from a power perspective than the dig-

ital neural and neural-inspired predictors described to date.

Neural predictor designs, however, can be modified to use approxi-

mate computation, significantly reducing power consumption. In the pre-

dictor design shown in Figure A, the weights table index must be precise

to ensure that the appropriate weights vector is selected, but the remain-

der of the prediction step can be imprecise for various reasons: the dot-

product result is simply compared to zero, so variations in the result

value don’t often change the prediction. Similarly, because many

weights contribute to this dot-product computation, variations in weight

values are also acceptable. Computational imprecision can be traded for

decreased power consumption to the extent that prediction accuracy

remains acceptably high.

Neural networks are often characterized by a compute-intensive dot-

product operation. Researchers have implemented this operation most

efficiently with analog current-summing techniques.7,8 In these tech-

niques, weights are represented by currents and summed using Kirchhoff’s

current law. Kramer explored charge and conductance summation in

addition to current summation and described an efficient dot-product

computation array.7 Schemmel et al. presented a mixed-mode VLSI

design that stores weight values in analog current memory cells.8

The circuit summed currents on an excitatory or inhibitory input line

based on a sign bit for each weight and compared the two current values

to produce an output. Although the analog predictor design we describe

here uses similar current-steering and comparison techniques, it differs

in storage, analog/digital boundaries, and application.
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Analog circuit design
The SNAP design incorporates several

blocks shown in the mixed-signal approximate
computation model of Figure 1, namely
DACs, ADCs, and an analog computation
block. The analog computation block per-
forms a previously infeasible dot-product
computation, which offsets the power
required for conversions. The SNAP circuit’s
primary function is to efficiently compute
the dot product of 129 signed integers, repre-
sented in sign-magnitude form, and a binary
vector to produce a taken or not-taken predic-
tion, as well as a train/don’t train output
based on a threshold value. The design uses
analog current-steering and summation tech-
niques to execute the dot-product operation.
Unlike the design in Figure 1, however, stor-
age remains in the digital domain.

Design components
The circuit design in Figure 4 consists of

four major components: current-steering
DACs, current splitters, current-to-voltage
converters, and comparators (effective
ADCs).

Binary current-steering DACs. With digital
weight storage, DACs must convert
digital weight values to analog values that
can be combined efficiently. Although the
perceptron weights are seven bits, one bit
represents the sign of the weight and this
design requires only 6-bit DACs. We chose
current-steering DACs for their high speed
and simplicity. One DAC corresponds to
each weight, each consisting of a current
source and a bias transistor as well as one
transistor for each bit in the weight.
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Tables of correlating
weights (16 tables,
512 or 256 rows,
eight 7-bit weights
per row)

XORXORBranch PC[8:0] XOR
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Figure 3. Prediction data path.
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The DAC transistors’ source and gate
nodes are tied together so they share the
same gate voltage, VG, and source voltage,
VS. A current source fixes the current
through the bias transistor. Because all
transistors share the same VGS (VG � VS)
value, the current through the bias transis-
tor is mirrored in the other transistors
accordingly:4

ID ¼
�Cox

2

W

L
VGS � Vtð Þ2:

This configuration, known as a current
mirror, is a common building block in
analog circuit design. The mirrored current
is proportional to W/L, where W is the
transistor’s width and L is its length. By
holding L constant and setting W differently
for each bit, each transistor draws a current
approximately proportional to W.

This approach supports near-linear digital-
to-analog conversion. For example, for a
4-bit base-2 digital magnitude, the DAC
transistor widths would be set to 1, 2, 4,
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Figure 4. Top-level diagram of a scaled neural analog predictor.
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and 8 and draw currents I, 2I, 4I, and 8I,
respectively. A switch steers each transistor
current according to its corresponding
weight bit, where a weight bit of 1 steers
the current to the magnitude line and a
weight bit of 0 steers it to ground. To convert
a digital magnitude of 5, or 0101, for exam-
ple, currents I and 4I are steered to the mag-
nitude line, and 2I and 8I to ground.
According to Kirchhoff ’s current law, the
magnitude line contains the sum of the cur-
rents with weight bits that are 1 (5I in the
example) and thus approximates the digitally
stored weight.

A switch then steers the magnitude value
to the positive line or negative line based on
the XOR of the sign bit for that weight
and the appropriate history bit, effectively
multiplying the signed weight value by the
history bit. The positive and negative lines
are shared across all weights, and again by
Kirchhoff ’s current law, the positive line con-
tains the sum of all positive values and the
negative line the sum of all negative values.

Current splitter. The currents on the positive
and negative lines are split roughly equally
by three transistors to allow for three circuit
outputs: a 1-bit prediction and two bits
used to determine whether training should
occur. Splitting the current, rather than
duplicating it through additional current
mirrors, maintains the relative relationship
of positive and negative weights without
increasing total current draw, thereby
avoiding increased power consumption.

Current-to-voltage converter. The currents
from the splitters pass through resistors,
creating voltages that become the input to
the preamplifier and voltage comparators.

Preamplifier and comparator. Preamplifiers
are commonly used in conjunction with
comparators in traditional analog circuit
design. The preamplifier amplifies the voltage
difference between the lines, producing new
voltages that will be used as input to the
comparator, which improves comparator
speed and accuracy.4 The preamplifier
requires only a small amount of circuitry—
namely, a bias current, two transistors, and
two resistors. We chose a track-and-latch

comparator design because of its high-speed
capability and simplicity.4 It compares a
voltage associated with the magnitude of the
positive weights and one associated with
the magnitude of the negative weights. The
comparator functions as a 1-bit ADC and
uses positive feedback to regenerate the analog
signal into a digital one; thus, a heavy-weight
analog-to-digital conversion isn’t required.
The comparator outputs a 1 if the voltage
corresponding to the positive line outweighs
the negative line and a 0 otherwise. For
comparator output P, a 1 corresponds to
a taken prediction and a 0 corresponds to a
not-taken prediction.

Training. In addition to a 1-bit taken or not-
taken prediction, the circuit latches two
signals that will be used when the branch is
resolved to indicate whether the weights
must be updated. Training occurs if the
prediction is incorrect or if the absolute value
of the difference between the positive and
negative weights is less than the threshold
value.

Rather than actually computing the dif-
ference between the positive and negative
lines, which would require more complex
circuitry, the design splits the absolute
value comparison into two cases: one case
for the positive weights being larger than
the negative weights and the other for the
negative weights being larger than the posi-
tive ones. Instead of waiting for the compara-
tor to produce prediction output P, which
would increase the total circuit delay, the
circuit performs all three comparisons in
parallel. T is the relevant training bit if
the prediction is taken and N is the rele-
vant training bit if the prediction is not
taken. To produce T, the circuit adds the
threshold value to the current on the nega-
tive line. If the prediction P is 1 (taken)
and the T output is 0, meaning the nega-
tive line with the threshold value added is
larger than the positive line, the difference
between the positive and negative weights
is less than the threshold value and the pre-
dictor should train.

Similarly, to produce N, the circuit adds
the threshold value to the current on the pos-
itive line. If the prediction P is 0 (not taken)
and the N output is 1, meaning the positive
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line with the threshold value added is larger
than the negative line, the difference
between the negative and positive weights
is less than the threshold value. If C is the
direction of the branch on commit, the fol-
lowing logic formula indicates training:
C � Pð Þ þ P �T þ �PN .

Scaling weights by coefficients. To multiply
weights by coefficients, the DACs utilize
nontraditional transistor widths determined
by the fitted inverse linear curve shown in
Figure 2. As weight position increases and
correlation with current branch outcome
decreases, DAC transistor widths are scaled
down, reducing the amount of current that
a weight contributes to the positive or negative
line. For example, rather than using
traditional DAC widths to convert a digital
base-2 value to an analog value (1, 2, 4, 8,
16, and 32), a weight in position 3 has DAC
widths of 1, 1, 3, 5, 11, and 21, while a
weight in position 128 has widths 0, 1, 1, 2,
4, and 8. Scaling DAC widths differently for
each weight effectively multiplies each weight
by a predetermined coefficient.

Circuit evaluation methodology
We composed a transistor-level imple-

mentation of the SNAP circuit in the
Cadence Analog Design Environment using
predictive technology models (PTMs,
http://www.eas.asu.edu/

e

ptm) at 45 nm.
These models are the standard for research
and circuit design with immature technolo-
gies, and they account for the nonideal phys-
ical behavior of shrinking transistors. All
transistors in the design use 45-nm bulk
CMOS model cards that can be found on
the PTM website; a description of the BSIM4
model parameters appears in the user’s
guide (see http://www-device.eecs.berkeley.
edu/

e

bsim3/bsim4.html). We used Spectre
transient analyses for all circuit simulations.
We assumed a 1-V power supply and a
10 percent rise/fall time for each clock speed.
To measure analog power, we multiplied the
supply voltage by the average current drawn
from the power supply.

Analog power, speed, and accuracy
The SNAP design presents a classic trade-

off between power, speed, and accuracy. The

principal factor determining circuit delay is
the size of the currents produced in the
DACs. Larger currents drive outputs to stabi-
lize sooner, thereby decreasing delay through
the circuit; however, large currents increase
power consumption by increasing the total
current draw. The relative difference between
the positive and negative weights also deter-
mines when the correct output can be
latched. When the currents on the positive
and negative lines are similar, the currents
require more time to stabilize before a win-
ner can be determined.

Figure 5 shows analog prediction errors
for various positive/negative sum combina-
tions; unsurprisingly, disagreements between
analog predictions and predictions given by a
precise implementation arise when the two
sums are closest in magnitude. These errors
occur because the currents didn’t have suffi-
cient time to stabilize before the output was
latched or because the currents produced
by the DACs resulted in the wrong line hav-
ing the larger value because similar sums allow
less room for errors in current values. Incor-
rect currents can result from nonlinearity in

mmi2009010104.3d 31/1/09 16:51 Page 111

0

10

20

30

40

50

60

70

0 10 20 30 40 50 60 70

E
xp

ec
te

d
 s

um
 o

f n
eg

at
iv

e 
w

ei
g

ht
s

Expected sum of positive weights

SNP, SNAP agree

disagree

Figure 5. Analog prediction errors for sum combinations.

....................................................................

JANUARY/FEBRUARY 2009 111

Authorized licensed use limited to: IEEE Xplore. Downloaded on April 6, 2009 at 10:42 from IEEE Xplore.  Restrictions apply.



the DACs as well as process variation and
noise. Fortunately, similar sums correspond
to low prediction confidence because the
dot-product result is close to zero and
doesn’t signify a strongly taken or not-
taken prediction. Errors on low-confidence
predictions mitigate the impact of errors
on overall prediction accuracy.

The width of the error band in Figure 5
increases as clock speed increases or power
decreases, causing a decrease in predictor
accuracy. Figure 6 shows the relationship
between power, speed, and accuracy. We
adjusted the DAC bias currents to generate
the multiple power levels. The lowest power
shown (0.4 mW) corresponds to the DACs
running strictly on leakage currents; this con-
figuration approaches the power consump-
tion floor at 45 nm. At 1 GHz, the predictor
maintains high accuracy over the range of
power levels simulated, where leakage cur-
rent alone achieves an average accuracy of
5.13 MPKI (mispredictions per thousand
instructions). The drop in accuracy from
4.9 to 7.4 mW at 2 GHz is a function of
inaccuracy in the DAC currents coupled
with the particular behavior of the traces
simulated. At 3 GHz, 7.4 mW is required
to achieve 5.18 MPKI.

Predictor evaluation
We measured scaled neural predictor

accuracy using a trace-driven simulator
derived from the Championship Branch Pre-
diction Competition (CBP-2) contest infra-
structure (http://www.jilp.org/cbp). This
contest let competing predictors use approx-
imately 32 Kbytes of state to simulate imple-
mentable branch predictors. The SNP design
restricts its hardware budget similarly so that
its results can be easily compared to other
published results. To evaluate predictor accu-
racy, we simulated a set of traces that includes
the SPEC CPU2006 integer benchmarks.
We generated analog accuracy numbers by
characterizing the analog circuit behavior as
a statistical error model and mapping it
back to the CBP-2 simulation infrastructure.

We compared the SNP algorithm and
SNAP implementation against two other
predictors from the literature: the piecewise
linear branch predictor5 and L-Tage.1 The
piecewise linear branch predictor is one of
the most accurate neural predictors but has
a high implementation cost. L-Tage is a
table-based predictor that uses partial match-
ing and represents the most accurate imple-
mentable predictor in the literature. (Further
details concerning methodology and predictor
tuning appear elsewhere.3)

As Figure 7 shows, the scaled neural pre-
dictor is the most accurate neural predictor
measured to date, although it isn’t competi-
tive from a power perspective. The scaled
neural analog predictor incurs a small loss
in potential prediction accuracy due to the
use of nonideal analog circuits, yet it main-
tains higher accuracy than any previous neural
predictor. The analog version achieves an
average accuracy of 5.18 MPKI compared to
5.06 for the digital version; thus, the analog
circuit’s imprecision results in only a 0.12
MPKI decrease in accuracy. Piecewise linear
branch prediction, which is less feasible than
the SNAP design but still arguably implement-
able, results in 5.4 MPKI. L-Tage achieves an
average accuracy of 4.91 MPKI.

The total power consumed by the predic-
tion step of the SNAP design includes table
lookups in addition to the analog computa-
tion. Running at 3 GHz with a 1-V supply
voltage, the average analog power required to
obtain high prediction accuracy is 7.4 mW.
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At slower clock speeds, however, the predictor
achieves high accuracy at lower power levels—
for example, at 1 GHz, the 0.4-mW power
configuration achieves high accuracy.

We used CACTI 4.26 with 45-nm tech-
nology files to measure the dynamic power
of the digital portion of the design. We mod-
eled the 16 weight tables as tagless memories
with 8-byte lines and estimated the total
dynamic read power at maximum frequency
at 117 mW. For comparison, we estimated the
power consumed by L-Tage’s various memory
structures at 112 mW. Thus, the two predic-
tors’ memory components use comparable
dynamic power, and the analog dot-product
computation is a small fraction of the total
power consumed by the neural predictor.

Implementation issues
To keep mixed-signal computational in-

accuracy from reaching an unacceptable
level, periodic digital feedback is necessary
to limit the accrual of noise in the analog
domain. Process variation and substrate noise
are two potential causes of inaccuracy.

Process variation
As technology scales, process variation

becomes an increasing concern. Process vari-
ation appears in several forms, including tran-
sistor length, transistor width, and threshold
voltage variation. SRAM cells that hold pre-
dictor state in traditional table-based predic-
tors and weights vectors in neural predictors
are subject to increased access delay due
to process variations. In a traditional predic-
tor design, increased access delay can result
in incorrect table reads, thereby producing
incorrect branch predictions.

A neural predictor with a feedback-training
algorithm, however, is well suited to tolerate
inaccuracies caused by process variation. In
an analog neural predictor, an incorrect
table read or variations in the DAC transis-
tors could lead to unexpected currents. A
neural predictor training algorithm will cor-
rect for unexpected currents by adjusting
the weights vector appropriately. For exam-
ple, if a weight produces a current value that
is smaller than the expected value, causing
the prediction to be wrong or the sum to
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be less than the threshold value, the predic-
tor increases the weight. It will also adjust
the nonfaulting weights, thereby quickly
correcting for the faulting weight’s inaccu-
racy. Analog neural predictors that adjust a
weights vector based on a current summa-
tion are therefore more robust against pro-
cess variation than table-based designs that
predict based on the high bit of a digital
counter value.

Noise tolerance
On-chip analog circuits are susceptible

to substrate noise caused by digital switch-
ing. When numerous digital circuits are
switching, they discharge currents into the
substrate that cause the substrate voltage to
bounce. Traditional techniques, such as
guard rings, can help mitigate substrate
noise’s impact on mixed-signal circuits. A
guard ring separates analog and digital cir-
cuits and creates a large capacitance that
provides noise currents a low-impedance
path to ground.

Testing
Manufacturing testing contributes signifi-

cantly to production cost and time to mar-
ket. In the past few decades, design-for-test
research has focused mainly on digital ICs.
Consequently, digital techniques used to
reduce reliance on external testing equip-
ment, such as scan chains, automatic test
pattern generation (ATPG), and built-in
self-tests (BISTs), have become sophisticated
and cost effective. The SNAP design can use
existing digital testing techniques because it
includes a DAC and a 1-bit ADC with
only a small amount of analog circuitry in
between.

One applicable technique uses scan chains
to gain access to internal circuit components;
this method scans testing data into a chain of
registers from chip input pins, pulses the
clock, and captures the results in registers
and scans them to chip output pins. For
the SNAP circuit, various input weights can
be scanned in and a 1-bit prediction can be
scanned out. The circuit component is deter-
mined to be good if its predictions are con-
sistent with the expected prediction for an
acceptable percentage of the time. Weight
inputs and expected outputs could also be

stored in memory with a pass/fail signal
routed off chip.

For finer-grained failure detection, inter-
nal analog nodes can be accessed using ana-
log scan chains, in which currents are
shifted through scan chains using current
mirrors and switches.7 Miura proposed a
BIST circuit to detect unexpected changes
in the power supply current.8 This tech-
nique could also detect unexpected currents
through the transistors in the analog design.

We described a highly accurate neural
prediction algorithm, made feasible

by a mixed-signal design that uses analog
current summation and comparison techni-
ques to compute the computationally expen-
sive part of the prediction step. By enabling
more complex computation in the prediction
loop, analog techniques might open the door
to more aggressive neural prediction algo-
rithms, such as the use of back propagation
to compute nonlinear functions of correla-
tion. Whether conventional, multitable-
based predictors (such as L-Tage) or neural
predictors will eventually prove the most
accurate remains an open question.

In future process technologies, it is likely
that CMOS devices will behave much
more like analog devices than digital ones,
with more leakage, noise, variation, and
unreliability. As designs become predomi-
nantly constrained by power limitations
and variability, we expect to see more appli-
cations of analog techniques assisting digital
designs to reduce computation power, partic-
ularly for computations that can be approxi-
mate, such as predictions or data that do not
affect the control path of a program.

Whereas this project applies mixed-signal
approximate computation to neural branch
prediction, we’re actively examining a broad
class of applications that can tolerate impreci-
sion. In addition to computation that relies
on neural networks, candidates include
graphics and media, machine learning, and
convergent scientific applications.

Additionally, we’re addressing opportuni-
ties to further reduce power. Whereas we
presented an analog design for low-power
computation, both the table lookups and
the training steps require conventional
amounts of power. Future solutions should
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reduce the lookup and update power by push-
ing these functions into the analog portion
of the design as well. Rather than performing
a lightweight digital-to-analog conversion on
the computation parameters, weight training,
reading, and storage should be part of the
analog domain.

In the long term, improving program per-
formance while maintaining a firm digital
abstraction might prove infeasible due to
power constraints. Although digital and ana-
log special-purpose designs have shown the
ability to accelerate specific workloads in
a power-efficient manner, each solution
requires a focused design effort. Program-
mable analog general-purpose processing
might prove the most cost-effective way
to accelerate a range of applications. This
acceleration will be possible only if the
computations are insensitive to accreted
noise and errors (such as convergent nu-
merical algorithms, human-computer inter-
faces, and media) and/or if the noise can be
periodically reduced through feedback and
correction, such as with the digital adjust-
ment of neural predictor weights upon
branch mispredictions. MICR O
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by NSF grants 0751138 and 0545898.

....................................................................
References

1. A. Seznec, ‘‘A 256 Kbits L-Tage Branch Pre-

dictor,’’ J. Instruction-Level Parallelism (JILP),

vol. 9, May 2007; http://www.jilp.org/vol9/

v9paper6.pdf.

2. A. Seznec, ‘‘Redundant History Skewed

Perceptron Predictors: Pushing Limits on

Global History Branch Predictors,’’ IRISA

tech. report 1554, 2003.

3. R. St. Amant, D.A. Jiménez, and D. Burger,
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