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Abstract—Approximate hardware trades acceptable error for
improved performance and previous literature focuses on opti-
mizing this trade-off in the hardware. We show in this paper
that the application and the hardware can be co-optimized to
achieve the best quality-performance tradeoff. We propose LAC:
learned approximate computing to optimize the algorithm and
approximate hardware at the same time to maximize quality of
output. Our approach allows automatic selection of approximate
computing hardware while achieving similar quality as dedicated
training for a single hardware configuration. Our improved
training algorithm allows simultaneous hardware selection and
application optimization without additional runtime overhead.
Multi-hardware setup chooses a separate approximate hardware
for each part of an application which allows for more hardware
configurations and further improves quality.

1. INTRODUCTION

Approximate computing trades some computation accuracy
to improve area and energy efficiency. Some examples of
approximate computing include introducing uncertainty by
lowering voltage [2] or introducing input-dependent error to
simplify logic design [3]], [4]]. Despite finding interest in error-
tolerant applications like deep learning using neural networks
[5), the inherent uncertainty in approximate computing has
prevented wide adoption in mainstream applications.

Multiple approaches have been proposed to improve the ac-
curacy of approximate computing, preserving area and energy
efficiency. The methods include compensating errors with ad-
ditional circuitry [6], [7]], finding better accuracy-performance
tradeoffs through better logic design [8] or allowing multiple
accuracy levels [4]], [9], [10]. As approximate computing relies
on uncertainties to achieve better performance, reducing the
overall error runs into diminishing returns.

To further enhance the accuracy of approximate computing
in practice, there are two aspects to improve: the approximate
computing hardware and the target application. Most recent
works focus on optimizing approximate computing hardware
for specific applications. The approaches include reducing
the approximation error for computations prevalent in an
application [[I1]]-[13[], or limiting approximation to specific
error-tolerant components of applications [[14]]. Optimizing the
approximate computing hardware for one or two particular
applications means that the hardware may not be suitable for
other applications. Efforts on optimizing the latter have been
sparse [1]], and most past works have focused on neural net-
works [15], [16]. With all the different approximate computing

This is a modified and extended version of the previous work [1].

options, it also becomes challenging to choose the setup that is
most suitable for a given application or a specific performance
or quality constraint.

In this work, we propose LAC: learned approximate com-
puting. Instead of optimizing the approximate computing
hardware for a fixed application, we optimize the application
kernel for both a fixed and trained hardware configuration. The
key observation is that the application and the approximate
computing hardware can be co-optimized to achieve optimal
performance while minimizing manual intervention. During
the process, we also allow searching for the approximate
hardware configuration that is most suitable for the application.
This way, the coefficients of an application kernel are automat-
ically adjusted to the error properties of the most appropriate
approximate hardware configuration. Our contributions are as
follows:

o We develop the LAC methodology to train almost arbi-

trary parameterizable application kernels.

e In cases where the hardware can be changed, LAC

searches for the optimal hardware while tuning the al-
gorithm.

II. FIXED HARDWARE LAC
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Fig. 1: Difference between traditional and LAC setups. LAC
focuses on optimizing the application kernels rather than
optimizing the hardware approximations.

While most previous works try to reduce the error of the
approximate hardware for a particular application, the appli-
cation itself is mostly untouched. The traditional setup implies
that the approximate hardware may not be a good choice for
other applications, and different applications require separate
approximate hardware for the best quality and performance.
This section will focus on a fixed hardware version of LAC
where applications are trained for fixed hardware.

A. Training applications for a fixed hardware

In a fixed hardware setup, LAC tries to make the application
learn the approximate computing hardware by training its pa-
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Fig. 2: Overview of LAC for xed hardware.

rameters. Fid.]1 compares a traditional approximate computiaged as the error to train the coef cients in the approximate
setup with LAC. By training the application to better matctbranch. Training is performed using an optimization solver.
the properties of the approximate multiplier, LAC aims tdhe optimizer used will depend on the size of the application
improve application performance for a speci ¢ multiplier andernel and the nature of the approximate computing unit
allow the reuse of approximate computing hardware acrassolved (e.g., integer vs. oating point).

multiple applications. The motivation behind LAC is that

error distributions in approximate computing units are strongly I1l. EVALUATION ON FIXED HARDWARE
input-dependent. An example is the Kurkarni [3] multipliers .
which only have errors when multiplying three by three Withil‘?" Approximate hardware
a 2-bit multiplier and no error for any other multiplication. If

an application is dominated by multiplying three by three, thBA‘BLEI, I:dMuItliinsr surl‘n_rr;.ary. Performance numbers are
results have very high errors. Conversely, if the applicaticm)rrnalze to 16-bit multipliers.

does not contain three in any 2—t_)it sgctions, multiplications Multiplier Variant Area | Power
can be completely accurate. This discrepancy means that ETM [4] 8-bit 0.14 | 0.04
approximate computing hardware does not have consistent 16-bit 050 | 0.25
. o ) 16-bit-2 025| 012

performance across multiple applications since the values used DRUM [17] 16-hit-6 039 | 029
between applications vary greatly. One way to get around this mulBuJV3 | 0.03| 0.02
issue is by modifying the application coef cients so that the mu||88u_1FsTsAQ 8-% 8-83

. K . . mul8u._ . .

comput.atlon performed avoids the hlgh-grror regions of th.e EvoApprox [9] | mulgs 1KR3 | 007 | 0.02
approximate hardware. However, approximate compute units mul8s 1KVL | 0.21 0.12
differ in their error characteristics. Dynamic Range Unbiased mullésGK2 | 1.01 | 0.89
mull6s GAT | 0.74 | 0.58

Multiplier (DRUM) [17] lowers average error at the cost of in-
troducing error in more multiplications. Even if it is possible to ) o _
achieve better overall performance with a lower average error Ve choose to study approximate multipliers since they add
manually tuning the coef cients of an application to achievé1® most energy and time delay costs, as compared to the other
that becomes dif cult. LAC tries to simplify this process byfithmetic operations. The multipliers we use are summarized
training the coef cients. If a learning algorithm has acced® Table |. We use a subset of multipliers from the EvoApprox
to the expected accurate result and all the properties of ffgary [9] since the well-de ned error metrics provided a
approximate hardware, it should be possible to avoid the higHgar baseline for comparing their performance in different
error regions. LAC isnot limited to machine learning-type @pplications. We also demonstrate improvements when using
applications. The only constraint is that the application kerndRore widely used multipliers that were intentionally designed
should be parameterizable and hence be able to optimize udfpfg high performance - the error-tolerant multiplier (ETM)
standard mathematical optimization approaches. [4] and the Dynamic Range Unbiased Multiplier (DRUM)
. [17]. We use an 8-bit ETM with the bits split at k = 4

Figure 2 demonstrates the overall setup of LAC. Beforgqg 4 16-bit ETM with the bits split at k = 8 and use two

training, application performance is veried by using thf‘f‘mplementations of the 16-bit DRUM with k = 4 and k = 6.

traditional setup, where computation uses the approXimgigea and power numbers in Table | are normalized to accurate
units and the application itself is unaltered. During training,g_pit multipliers.

inputs enter an approximate branch and an accurate branch.

The accurate branch keeps the original application coef cients o

and produces precise results. The approximate branch addu/Pplications

rately models the approximate hardware while using exible Table Il summarizes the applications used for evaluating
coef cients. The difference between the two branches is th&AC. Performance is rst evaluated for three applications




TABLE II: Application summary to being integers by the input requirements of the multipliers.

In the case of the DFT and DCT, weights are scaled to force

Application | Coef cients . . . .

Gaussian blur 3x3 them into integers. These integer or range constraints were
Edge dert]ection 3x3 also provided to the optimizer.

Image sharpening 3x3 Fn ; ; ; ;

Discrete Cosine Transfor 88 The initial LAC implementation _[1] is pe_rforr_ned using the
Discrete Fourier Transform} 12x12(complex) Matlab surrogate solver that runs into runtime issues for larger
Inversek2j [18] 4 applications. To resolve the runtime issue and allow integration

with the search component in the trained hardware setup,
described in Section IV, we migrated to the gradient-based
using 3x3 lters. The three lters include the 3x3 versionsadam optimizer in PyTorch. During the training process, we
of Gaussian blur for image blurring, Sobel Iter for edgekeep a high-precision oating-point copy of the weights and
detection and Laplacian Iter [19] for image sharpening. Gauguantize the weights to integers on the y, similar to the
sian blur uses unsigned values, so the unsigned multipligfgaight-through estimator [23] used for training quantized
are used for the experiments, while the other two use signggural networks. To further speed up the simulation of the
values in the lters. Coefcients are constrained [@;255] approximate computing hardware, we implement parallel ver-
for applications using unsigned values, and255 255] for  sions of the approximate multipliers to spread the work across
signed values. Average Structural Similarity Index (SSIM) [2Ghultiple CPU cores.
is used to measure the performance before and after training
using LAC since the applications produce image outputs. o Results

adjust the nal output to th¢0; 255]range, bit shift is used in 1) Application quality improvementFigure 3 shows the

both accurate and approximate computes. The bit shift amo‘dﬂtality improvements from LAC. While some applications

::scr_\osen SL;]Ch thaf[ the max[[rr?urf 0]; b'.t Sh'lftted ;utplﬂt%t Ofiginally use signed parameters, we use both unsigned and
orimage sharpening using the Laplacian 1er, the outputs ggned multipliers for all applications as even unsigned multi-
the Iter are added to the original image for the nal result. %Iiers can bene t from LAC. As is mentioned in Section I11-B
To analyze the performance of more complicated applica- ian blurri d d. : ; .
. . . . , tection, and h
tions, we also train the Discrete Cosine Transform (DCT) argjgusman urring, edge detection, and Image sharpening use
NR. On average, SSIM improves @8, 0:20, and0:24 for

level of 50, as described in [21], and requires an 8x8 lte'ihe three applicatiorsSPSNR improves byt:73dB and1:36dB

For_DFT, we used 1.2X12 matrix. Both D.CT and DFT Conta'ﬂ)r DCT and DFT respectively. For Inversek2j, the relative
oating-point coef cients, so the coef cients are scaled up

m i . error is reduced by:054 on average. Quality improvements
ibsytrzle b?tn\(/jvi(;rt]ﬁ nofr?#gdnﬁglt;[sne”r t?’ﬁelnlgz%e:a;lr}g:tarrznggle cgom LAC depend on the application and characteristics of the
down by the2™ for DCT and 22" for DFT since DFT is pproximate multipliers. Some multipliers with lower quality

performed twice on the x and y axes. The quality of DCgefore training happen to have large errors when using the

. ) . iginal coef cients in the application. For those multipliers,
and DFT are measured using the peak signal-to-noise r Irg PP b

. . o C is able to avoid the high-error points in those multipliers
(PSNR) b(_atween outputs using appromr_nate multipliers _a%(lj]d achieve higher quality. The improvement is dramatic in
outputs using accurate multipliers. Coef cients are constrain any cases, making previously unusable approximate hard-
to [0;2™ 1] for applications using unsigned values, an !

. are acceptable.
[ @™ 1);(2™ 1)] for signed values. 2) Hardware efciency impact of LAC:The improved
We also include Inversek2j from AxBench [18] as a ) y 1mp ' P

o . . ality from LAC results in a better quality-performance
application that does not operate on image inputs. Inverse deoff for all the applications. Fig. 4. compares the output

computes the inverse kinematics for a 2-joint arm, which EUaIity before and after LAC optimization for two approximate

useful |ndrobpt|c alp[;hcatmns. ghesgtlﬁhty gfpg\,:leésekﬁq I?nultipliers. While the results before optimization favor the
Measured using relative error. or an A expensive approximate multipliers, results after LAC

\rljlgt?vlenglr(;gies a better quality, while the opposite is true f%rptimization are much closer and allow us to use the cheaper

and less accurate multipliers.

C. Dataset IV. TRAINED HARDWARE LAC

We use the CIFAR-10 dataset [22] as the input for all of While training the application for a xed hardware con gu-
the image applications. Models are trained on 100 trainimgtion enables hardware reuse between different applications,
images, and evaluated on the 20 test images. Inversek2j usds overly restrictive when designing hardware for an ap-
1000 train samples and 200 test samples from AxBench [18]ication. For hardware-application co-optimization, we allow

searching between hardware con gurations. For applications
D. Optimization Solvers that can choose between different approximate computing

Lo . hardware, LAC automatically chooses the optimal con gura-
The optimization problem was framed as pure integer %B5n for a given quality or performance constraint.
timization - for the blurring, edge detection, and sharpening

- since in these cases all the variable weights are constraine€ltlote that SSIM lies between -1 and 1 with 1 being best.
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Fig. 3: Quality improvements of (a) Gaussian blur, (b) edge detection, (c) image sharpening, (d) JPEG compression using DCT,
(e) DFT, and (f) Inversek2j. For (a)-(e), higher is more accurate. For (f), lower is more accurate. Absence of a bar represents
close to zero SSIM.

(a) Gaussian blur (b) Edge detection (c) Laplacian sharpening

Fig. 4: Quality improvements of (a) Gaussian blur, (b) edge detection, and (c)image sharpening. Figures on the right use Pareto
optimal multipliers with the highest SSIM before optimization.

Fig. 5 illustrates the overall structure of LAC for a traineaptions with approximate hardware options.

hardware scenario. The application training component usesrg this end, we use the Binary Gate proposed in Proxyless-
the same structure as LAC for xed hardware, which traingas [24]. Fig. 6 demonstrates the structure of the binarized
the coef cients of an application to minimize the differenc%ate with three inputs, which acts as the "Search” component
between the outputs from approximate hardware and accurfterig. 5. In the original ProxylessNas setup, each binary
hardware. Multiple approximate hardware are trained at th@te is used to choose between multiple layer alternatives
same time, each with its own set of trainable parametefgy a |ayer. In LAC, we use it to orchestrate between dif-

The selector at the end decides the one to choose th&ent approximate multipliers. Furthermore, a binary gate
maximizes application performance. The optimization goajs incorporated into the training process, tuning its weights
here are similar to a neural architecture search (NAS) setyhjle LAC optimizes application coef cients. Weight values

In neural architecture search, the search algorithm needsyd@resent the preference of each multiplier. NAS explores the
nd the optimal network architecture parameters under SOMRsign space by allowing the binary gate to stochastically
constraints from several different options. To apply NA3elect a different approximate multiplier at each new iteration.
methods to LAC, we need to replace the network architectukejoes not guarantee convergence to the global optimum but
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