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Abstract—In this letter, we design a nonvolatile approximate
lookup table, named NVALT, to greatly accelerate general public
utilities (GPUs) computation. Our architecture maintains high
fre- quency input patterns within an approximation NVALT to
simulate each application’s functionality. To provide an
approximative output, NVALT looks for and returns the stored
data that most closely matches the input data. By taking use of
the analog characteristics of the nonvolatile content addressable
memory, we define a similarity measure that is suitable for
binary representation. To regulate the precision required for
user requirements, our approach manages the ratio of the
application executing between the approximate NVALT and
correct GPU cores. Our tests on seven common GPU applications
demonstrate that, on avetage, NVALT may increase energy
computation by 4.5 and performance by 5.7 while offering an
average relative inaccuracy of less than 10% when compared to
the baseline GPU.

I. INTRODUCTION

NTERNETofThings(loT)increasesthenumberofsmartdevice

and the rate of data generation around the world
[1],creatingasignificantdemandforhighspeed,andefficientparall
elprocessors,suchasgeneralpublicutilities(GPU).However,GP
Uscannotlearnexistingpatternsinworkloadandadaptivelyproces
sthedata[2].Whenrepeatedlyrun-
ningasingleapplication,e.qg.,fastFouriertransform(FFT),onaGP
Ufordifferentinputdata,theGPUperformsasetofcomputationsre
peatedlywithoutlearningthefunctionality.Byperformingnoncon
ventionalbrain-
likecomputation,e.g.,neuralnetworkandneuromorphiccomputin
gsolutionsper-
form,thecoresavoidcostlyrepeatedcomputationsbylearningsets
offunctionalityandapproximatelymodelthem[3]. Thistechniquei
seffectiveforapplicationswhichcanacceptalevelofapproximatio
n.Manyrealworldalgorithms,suchasmachinelearning,arestatisti
cinnatureandwillacceptsomeinaccuracyintheircomputation.Sev
eralimageandvideoprocessingapplicationsaccepterrorincomput
ationwithoutlosingtheprecisionrequiredbyuser[2]. Weaddaneffi
cient brain-like processing unit beside the GPU cores to
acceleratethecomputationwithapproximationtechniques.

Prior work tried to improve efficiency and accelerate

approximate results. Although in CPU this techniqueprovides
a large energy/performance improvement [14], theadvantage
of neurally based approximation in GPU is minor.Several
other designs use the high density and zero leakagepower of
nonvolatile memories for memoization or
enablingapproximationinGPUandCPUcores[8],[10],[13]. Work
in [8] enabled GPU approximation by using content address-
able memories (CAMSs) beside floating point units (FPUS)
andapproximately retrieving data at run-time. This is a
promisingtechnique to save the GPU energy, but it cannot
improve theperformance, and also does not have a large
impact on theoverall GPU energy consumption, considering
data movementandothernon-FPUunits.
Incontrast,weproposeahardwareapproximationtechniquethat
uses  resistive  content  addressable  memories  to
acceleratetheGPUcomputation. Weexploittheanalogcharacteris
ticsof the nonvolatile approximate lookup table, called
NVALT,with nearest distance search capability. Our design
learns andmodels the functionality of different applications by
storinghigh frequency patterns for each application on an
NVALT. Atrun-time, instead of processing data on the
inefficient GPUcore, our design searches NvALTto find the
data most simi-lar to the input operands. Our similarity metric
considers
theimpactofeachbitindextoprovidethebestmatch.Ourexperi-
mental evaluation on advanced micro device (AMD)
Southernisland GPU architecture, running seven different
applications,shows the enhancedk GPU, as compared to the
baseline GPU,can achieve 5.7energy and 4.5performance
improvement,whileprovidinglessthan10%qualityloss.

Il. PROPOSEDNVALT
A. NvALTProgramAcceleration

GPUworkloadsexhibitsignificantdatasimilarityandlocal-ity.
This locality increases as we go through the IloT
domainwithlargerdatasets.Severalbasicprograms,suchasFFTori
mageprocessingapplications,consistofrepeatedbuild-ing
blocks, where each has many addition and

theGPU/CPU computation by enabling approximation, such
asvoltageover-
scaling[4],precisionscaling[5],designingapproximatecircuits[
6],[7],andmemoizationusingresis-tiveacceleration[8]—
[12].Workin[3]acceleratesprogramsby utilizing a neural
network placed beside the GPU cores toproduce

multiplicationoperations. Running these algorithms on the
conventional pro-cessors (e.g., CPU or GPU) is slow and
requires large energyconsumption. These applications can be
approximately pro-
cessedontheNvALTblock.Weexploitdatalocalitytomodel
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Fig.1. OverviewoftheenhancedGPUwithapproximateNvALTblock.

several basic functions on the GPU with a fast and
efficientapproximatecomputingunit.

Fig.1showstheoverviewofthestructureofAMDSouthernlslan
dGPU,enhancedwithNvALTaccelerators.NVALT blocks are
placed along side of each single instructionmultiple data
(SIMD) lane. When the approximate applicationis launched
on GPU, the scheduler block runs the
applicationonanNVvALTblockinsteadofsendingthemtoGPUcore
sto process. An NvALTblock approximately processes
thesebasic functions inside a lookup table instead of precisely
pro-cessing them. NvALTuses offline profiling for each
programto find and store common input patterns and the
correspond-ing outputs. At runtime, our design searches the
input
datastoredintheNvALTandreturnsthemostsimilarpatternasan
approximate output. The accuracy of depends two
mainmetrics.

1) Similarity Metric: In traditional cores the numbers rep-
resent by the fixed-point or floating point binary
values,where the definition of similarity can be different
basedon representation. For instance, our prior work
[10] con-siders Hamming distance as a metric to find
the
mostsimilarrowinalookuptable. Thismetriccannotprovide
highcomputationaccuracybecauseitdoesnotcon-sider the
impact each bit index has on the computation.Designing
a lookup table/CAM which can find the exactnearest
value requires large and inefficient peripheralcircuitry.
In this letter we propose a simple techniquewhich
changes the weight of each bit index on the
CAMstructure and considers the binary weights on the
searchoperation.WedetailtheimplementationinSectionl|-
B.

2) NvVALT Size: The lookup table size directly impacts
thecomputation accuracy. A large size NVALT can store
alarge number of patterns and increase the chance of
aclose match. Larger lookup tables result in the
increaseenergyanddegradedperformance.

NvaLTworks for the applications which accept approxi-
mation in their computation. Applications must have
limitednumber of input/output signals to efficiently fit within
theNvALT table. We model the computation of these
applicationsby storing their highly frequent input/output
patterns inside atable. Profiling mode examines of the input
data to find themostcommonoccurrences.

Our evaluation shows that running all applications on
theapproximate NVALT may not result in high energy saving
orspeedup.WeneedtoincreasethesizeoftheNvALTtostorea
sufficient number of patterns to ensure the acceptable com-
putation accuracy. The increased size reduces the energy
andperformance efficiency that NVALT achieves during the
searchoperation. The low energy and performance advantage
of neu-ral network-based GPU acceleration in [3] comes from
usinglarge and inefficient neural network blocks to provide
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in  NvaLtblock capable of searching for

datarunsontheaccurateGPUcore,whiletherestisrunontheapproxi
mateNVALT.Ourdesigncalculatesthedistanceoftheinputdatawit
hthestoredvalueontheNvALT,andifthe distance is larger than a
threshold (>THR), it
dynamicallyassignsthisinputdatatoanaccuratecore. Thevalueof
THRis determined based on the application type and user
accuracyrequirement.

B. NvALTHardwareSupport

A conventional CAM consists of a CAM cell array,
rowdriver, input buffer, and sense amplifier. Before each
searchoperation,thematchlines(ML)ofallCAMrowsareprecharg
edtoVdd.Duringthesearchoperation,inputdatais distributed to
all CAM rows using an input buffer.
Thisbufferstrengthstheinputsignalstoensureallrowsreceivethe
input signals at a similar time. During the search opera-tion,
the MLs in all CAM rows are discharged as long as
atleastonebitdifferenceexists. Weuseatimingcharacteristicof
ML discharging current to differentiate rows with
differentnumber of mismatches. In conventional CAM, any
cell withmismatch discharges the ML. A larger number of
mismatchesresults in a higher ML voltage drop, which can be
detected bythe sense amplifier. To detect a row with minimum
mismatch,i.e., closest Hamming distance row, we need to find
the rowwhich discharges last. The sense amplifier tracks the
ML volt-ages in all rows, until it find the slowest discharging
one. Thedesign is complicated and requires additional
circuity, such ascounters, while also taking a long time to
determine the bestmatchedrow.

Toaddressthisissue,weuseinverseCAM,proposedin [10], to
design a CAM with nearest distance search capa-bility. The
CAM cells in our proposed NVALT work inversely,compare to
the conventional CAM. Fig. 2 shows the function-ality of
NVALT cells storing inverse resistance values in matchand
mismatch cases. NVALT cell discharges the ML in case
ofmatchingdatatothestoredvalues,whileamismatchMLstayscha
rged. A row which has more matched bits, ie., a
closestHamming distance row, creates a faster ML
discharging cur-rent than other rows. We detect the nearest
distance row byfindingthefirstrowtodischargetheML.

Fig.2showsaCAMinsingleNvALTstagewhichiscapableof
searching for the row with the closest value to the
providedinputs. TheproposedNVALTconsistsofaninputbuffer,a
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Fig.3.EnergyimprovementandspeedupoftheNvALtindifferentsizes.(a)BlackScholes.(b)FFT.(c)Sobel.(d)inversek2j.

row driver to selectively precharge ML of each row, and
asense amplifier to detect the first discharged row. Unlike
otherdesigns which use the hamming distance criteria, our
designconsiders the impact of each bit index on the search
operationoftheNvALTblock.Weexploitdifferentaccesstransi
storsizesfor different bit indices. Based on the binary
weight of anunsigned integer value, each cell in position
ith has accesstransistorsxwhich are 2larger than the cell-in
the ilthadjacent bit. This resuks in 2higher ML discharging
currentin each match cell compared to its adjacent least
significantbits. The asymmetric access transistors weight
each bit indexonthesearchoperationtofindtheclosetrow.

IIl. EXPERIMENTAL RESULTS
A. ExperimentalSetup

We evaluate the efficiency of the proposed NVALT on
theAMDSouthernlslandGPU,RadeonHD7970device,which
is a recent GP-GPU architectures. We modified the
sourcecode of Multi2sim, a cycle-accurate simulator [15],
to inte-grate the NvVALT within GPU. We used McPAT tool
[16],
tomeasuretheenergyconsumptionofGPGPUandotherchange
sontheGPUarchitecture,includingtheregistersandfirst-
input,first-ouput (4KB/SIMD). We also used CACTI to
measure theenergy consumption of the memory keeping
the highly fre-
quencypatternscorrespondingtoeachapplication. Tomeasuret
he power consumption of the NVALT, we use HSPICE
circuitlevelsimulationind5nmTSMCtechnology.WeuseVT

EAMmemristor model [17] for our memory design
simulation

withRonandRorr0f10k Aand10M A respectively.Intermsof
reliability, the endurance of resistive memory limits to
10"writeoperations,ourdesignaddressesthisissuebylimitingt
henumberofwritestoonceforeachapplication.\WWecomparethe
efficiency of proposed design by running seven
generalOpenCL applications: BlackScholes, FFT, Sobel,
inversek2j,Laplacian,Convolution,andBinarization.

B. NvALTAccuracyTuning

NVALTcan be used next to GPU SIMD lanes to approxi-
mately process different applications. We use the
approximatebuilding block as a stand-alone computing unit
to approx-imately process the desired applications. In this
mode, theNVALT accuracy tunes using the size of the table
that we
areusing.AsweexplainedinSectionll,thereisanefficiencyand
accuracy tradeoff in choosing the best NVALT size to pro-
cess the data. Small size table can provide significantly
higherenergy savings and performance improvement at the
cost
ofdecreasedaccuracy.Increasingthetablesizeincreasestheco
mputation accuracy by storing more common patterns,
thusincreasing the possibility of close hit. However,
NVALT
withmanyrowsrequireslargerinterconnectsandcolumndriver

stodistributethedatasimultaneouslyamongallCAMrows.TAB
LEI

TUNING ACCURACY IN Row-TUNABLE NVALT BLOCK

#ofTows 128 256 512 1024 7 2048
BlackScholes 21% 1301% | 72% | 40% | 1.2%
FFT 8.3% 5.9% 3% | 1.9% | 0.7%
Sobel 13.4% 6.4% 42% | 2.0% | 1.4%
Iwersek2j 17.3% 120% | 83% | 5.1% | 2.9%

Thisenergyovertakesthesearchenergy(theenergyconsume
dbythearray),forCAMIargerthan1024rows.

Our design is able to dynamically change the number
ofactiverowsontheNvALT(128-
rowgranularity)inordertoget the maximum accuracy for
each application. We enable thisfunctionality by chaining
the structure of the row driver. Fig. 3shows the energy
and performance improvement of four gen-
eralapplicationsontheproposedenhancedhardware.Foreac
hCAM size, the energy and performance have been
normalizedto the conventional GPU not using NVALT.
Table 1 shows thecomputation accuracy of each
application for different
CAMsizes.Ourresultshowstheapplicationshavedifferentac
curacysensitivity to the NVALTsize, as each application

requires adifferent number of rows to provide acceptable
quality of ser-vice. To achieve less than 10% quality

loss, our design needsto use an NVALTup to 512 rows.
The result shows that ourdesign achieves 5.3energy
improvement and 3.2speedup,when selecting the optimal
NVALT size for each
application. Themainissueoftherowtuningtechniqueisitsw
eaknessin providing energy/performance advantage for
high qualitycomputation. To provide less than 4%
quality loss, our designdoesnotsaveenergyorperformance.

C. GPU-NvALTComputing

To address the quality issue in row tuning technique,
weneedtounderstandwhyverylargeNvALTblocksstillresult
in sizable error. NVALT shows high error running inputs
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thathave low similarity to the stored values. Although the
per-centage of data with low similarity makes up a small
fractionof each workload, the impact of them on
accuracy is high. Inmost cases, these infrequent patterns
of low similarity data arethe main information of the
input. For example, in image pro-cessing, the image
edges have the low frequency compared tothe image
background, but the edges contain the main infor-mation

of image.

To improve the NVALT accuracy, our
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designdynamically finds the far input values and
assigning them toaccurate SIMD cores to process. The
ratio of running data onthe approximate and precise core
determines the level of accu-racy that our design can
achieve. Fig. 4 shows the maximumenergy improvement
and speedup that our design can achievein each
NvALTsize when the threshold value changes.
TheTHRhasbheensetinordertoensurethatGPUqualitylossis
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Fig.4.
(a) BlackScholes.(b)FFT.(c)Sobel.(d)inversek?j.

TABLEII
EDPIMPROVEMENT OF THE ENHANCED-GPUWITH
NVALT IN DIFFERENT QUALITY LOSS

Quality Toss 1% 2% 4% 6% 8% 10%
Best CAM size 024-row | 512-row | 256-row | 256-row | 128-row | 128-row
BluckScholes T.Tx RIS ERES 0.2 12.3% JENES

FET 27 A.3x 13.9% 205 230 30.1x
Sobel 2.9 0.0 277 RETIP 45,5 540
fnversek2j 1.0 2.8 5.7x B~ 10,3 13,3
Laplacian 30 5.2x B 12.3x 14.9 1935
Conmvolution 8.6 21.2x 32.8x 45.8% 61.4x T9.3x
Rinarization 2.9x 5.8 9.3 13,5 17.0 22.1x
Average 3.2 7.6 150 213~ 26.5 % 332
lessthan4%. Thetopy-

axisinthefigureshowsthepercentageoftimetheapplicationrunson
CAMforagivenTHRvalue.Ourevaluationshowsthat,insmalINv
ALTsize,weneedtorunlargerportionofdataonthepreciseGPUcore
inordertoguaranteethecomputationaccuracysatisfiestherequired
level.Bycontrast,inlargesize,theNvALTcanprovideenoughcomp
utationaccuracyevenusingverylargethreshedvalue.Weconsider
energy-delayproduct(EDP)tofindtheopti-
malCAMsizeresultinginthebestefficiency. Ourevaluationshows
that 256-row CAM results in the best efficiency of X
4.4energyimprovementand3.4

speedupacrosstheseventestedap
plications(normalizedtoconventionalGPU).

Inallapplications,4%qualitylossdoesnotshowtheaccept-able

quality of service. Therefore, we change the THR valuefor
each application to see the efficiency of the NvALTindifferent
level of accuracy. Table Il shows the EDP improve-ment
(normalized to GPU) that our design can achieve fordifferent
quality loss from 2% to 10%, as  the
NVALTsizechanges. Theresultshowsthatourdesigncantunethele
velofapproximationbypartiallyrunningtheapplicationonNvALT
and accurate GPU core. Our result shows that
NvaLTworksmuchmoreefficientlyforapplicationswhichcanacc
eptlarge approximation. For instance, by accepting 6% error,
theNvALTcan achieve up to 3.7x speedup, while this
numberdecreasestol.4 x toachievel%qualityloss.

IV. CONCLUSION
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This letter suggests a method of hardware approximation that
speeds up GPU architecture programs. In order to search for
the closest distance row, we develop a (NVALT). NVALT
stores high frequency patterns associated with each
application, so roughly modeling computing. The stored value
that bears the greatest resemblance to the input data is found
by our NVALT algorithm. Through the dynamic division of
input data between the correct GPU cores and the approximate
NVALT, our approach is able to adjust the degree of
approximation. NVALT can enhance the GPU, according to
our experimental study that runs seven general applications on
AMD GPUs.

Compared to the unmodifieck GPU, energy computationxwas
reduced by 4.5 and performance by 5.7 on average, with less
than 10% average relative error.
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