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SUMMARY

The proposedresearchaims to explore the reliability and security issugs
compue-in-memory (CIM) design for acceleratingeep neural network (DNN)
algorithms.On one side, this researfdtuses on investigatingand overcominghe impact
of nonridealities n CIM designs. We first exploriae design space tiie CIM inference
acceleratds quantization and mapping strategi€everaltypical deggn optionsare
analyzed andompared from both the software and hardware performance Side®
design options are more robust and hardware friendly than others, inspiring further
improvement inquantization and mapping strategi€be first work considers noideal
effects from quantization and mapping strategigth ideal circuits and devices assumed
Considering a more reéife situation reliability issue caused by noideal circuitsare
studied Specifically,the process variatiois introduced toADCs of the CIM inference
engine, which causethe ADC offset The effect of ADC offset on the software
performancas evaluated, and an erhip finetuning solutionis proposedo compensate
for the performance degradatid@mbracinghe benefibf on-chip finetuning,we explore
the possibilityof directly trainingon-chip of CIM acceleratorsvith analog synapsesder
the nonidealities of devices and circuifBhe insitutraining is proverieasible even under
asymmetry/nonlinearity, devige-device (D2D) vaation,cycle-to-cycle (C2C) variation

and a limited number of states.

On the other sidesecurity vulnerabities and countermeasures iRAM-based
CIM and eNVM-based CIMinference engines are investigatethe SRAMbased

inference engine must download the model each time after powes it is volatile. Thus,

Xi



we proposean XORCIM-based inference engine working in a fparty system, in which
encryption and authenticati@eadopted considering data transmission between servers
and edge devices. The eNVbhsed engines mainly suffer from the information leaking
problem brought by raw data stored in aaatile memory. Inspired by the necessany

chip finetuningto recoer the accuracy loss brought by the process variatiphysical
unclonable functiorfPUF-like schemds proposed against the weight cloning attack and

to mitigate the transferability of the adversarial examples.

Xii



CHAPTER 1. Introduction

Although the concept of machine learnif{ylL) wasproposed a long time ago, its
developmentwas lagging due to the limited hardware computing power until graphics
processing units (GPUsyere introduced to this arefl]. In recent years, remarkable
breakthroughs in machine learning have encouraged applications in varioustieldas
computer vision, autonomous vehicles, and natural language processisgsUduesss
in software, in turn, hae motivated the development of hardware accelerators from the
cloud to the edge. As machine learning models become more and moreuhotheitf
implementatios also tendo be more and more dait&tensive. Thus, the frequent data
movement becomes the bottleneck of the accelerators based on the conventional von
Neumann platforms (e.g., CPUs/GPUSs). As an alternative solution, coiputnory
(CIM) attracts more and more attention since it merges the compute units directly into

memory units, alleviating the memory wall problem.

The principle of CIM for machine learning acceleration is thatthesbastructure
of the memory array couldffectively support deproduct operations, which take an
extensive part of the calculations in most machine learning applicaan®us CIM
architectures have been proposed to support different kinds of2a8kd, 5]. This work
mainly focuses on the CIM acceleration for the currently most popular machine learning
technique, the deep convolutional neural network (DNN). Also, among different types of
CIM, this work focuses on the mixesignal CIMapproach, which first processes veetor
matrix multiplications (VMMS) in the analog domain and then digitizes the outputs at the

edge of the array for further processing.



1.1 Motivation

The conceptof edge computing is becoming increasingly popular in thisthag
data and machine learning. On one side, it could reduce bandwidth usage and latency in
communication. On the other side, it allows applications on edge to be optimized for a

particular environment timely.

The most welknown applicationadopting edg computing is Internaif-Things
(IoT), where the calculationsan be done locally in edge smart devices such as
smartphones, smart watches, smart home appliances and Bowered by machine
learningtechniquesloT could mimic intelligent kehavior with less human intervention.
While 10T does not necessarily require edge computing, processing data locally will greatly
improve calculation efficiency and reduce data transfer. It also reduces the risk of personal
information leakage, as many sind@evices could reflect the owner's behavior and privacy.
Another application that embracedgecomputing iswearable medical devices, which
care a lot forreakttime response and privacilachine learning applications have been
demonstrated to be effigie for various medical purposes. With edge computing, these
applications could bpersonalizedo everyone's health condition for better performance.
Besides user specialization, edge computing is also beneficial for envirahment
adapation. For examplethe traffic signals of an intersection could be optimized based on
the movements, time series, and environmental variabtescloud computing, the data
from different locations need to be transformed to the centralized sancithen the
optimized trafic flow is sentback, introducing big data transfer and delayed response
Thus, edge computing is also suitable in this scenario. Like most planning applications,

traffic signalsplanning could also be powered by machine learning algorithms.



CIM is a pronising soluion for accelerating these DNbased machine learning
applications at the edge, considering its power efficieHoyvever, it behaves differently
from traditional digital circuits, requiring more crelsyer designs from algorithm levels
to hardvare implementation&s CIM essentially adopts mixesignal computationsion
ideal effectsare naturally introduced, which could hamper the accuracy. Thus, performance
camot be guaranteed when applications developed in pure digital processors ae direct
mapped to CIM processors. Thus, how to mitigaderideal effectsand improve the

reliability of CIM enginego maintain the software performarame remaining problems.

On the other sideedge devices suffer from higher security siglanthe datacenter
considering their usage environmeWwthile treats are the same whether the edge devices
are CIM or digital basedhesame solution may not be suitable for b@he to the weight
stationary and parallelism computing nature of the CIM, it needsettaken care of
differently to avoid hurting its efficiencyzenerally, the orchip DNN modeltrained with
extensive resources, is identified as a valuable asset to be protected. Effective and
lightweight countermeasures are desirable to prevent DNN Inhealéng and reverse

engineering.

1.2 CIM basics

The CIM structure discussed throughout this research is based on thesigixaid
calculation unit demonstrated figure 1 (a). It utilizes the crossbar structure of the
memory array to accelerate vectormatrix multiplications (VMMs) in the analog
domain.More precisely, the components of a matrix (weights) will be mapped to the

memory cells in the array. The scalarghe vector (inputs) will be applied to the cells



through the horizontal wires of the array, which are generally the word lines (WLs) of the
array. An analog signal will be generated at each gvosd to multiply the input and
weight. Generally, the anajosignal can be a current generated based on Kirchoff's law.
The analog signals from the same column will be accumulated through the horizontal
wires, which are usually the array's bit lines (BLs). This way, the array's output will be

analog signals proptonal to the VMM results.
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Figure 1 - CIM basics. (a) A basic mixesignal CIM array for VMM acceleration (b)
Mapping from a convolutional layer to the CIM subarrays.



The CIM structure couldiccelerate the DNiWased applications, which usually
contain a lot of VMM operations in the Convolution@dNV) layers and FulyConnected
(FC) Layers. The operations in FC layers are VMMs in nature. HoweveZ QN layers
usually have to stretch the 4k2rnel to a 2D matrix. Considering a weight kernel of a
CONV layer has the siz€ Q 6 0 ,the operation of thEONV layer could be
viewed as VMM between input vectors and a 2D weight matrix with size
(Q 0 6 0 in principle.In general, this stretched 2D matrix could be much
bigger than the CIM array sizé ( 0 ) and thus has to be cut into multiple subarrays.
Different stretching/cutting methods have been proposed based on the architecture and data
flow. In this research, wadopt the method demonstratedrigurel (b), which views the
weight array aX)  "Q 2D submatrixs with siz&d 6  first. A submatrix could be
further divided into multiple subarrays. In this way, there willbe inf®al '@ 6 ¥

0 0 7T0 subarrays per weight digit needed for the layer.

1.3 CIM reliability and security issues

1.3.1 Computein-memory reliabilityissues

Many CIM architectures have been proposed based on various memory types.
Generally,staticrandomaccessnemory (SRAM) and emerging nosvolatile memories
(eNVMs) are populafor in-memory computingOn one side, eNVMs are alluring due to
their nonvolatility, high density, low leakage, andultilevel programmability On the
other hand, the SRAM is highlighted with the fast write speed, low write energy, scalability
to more advanced tech nodes, and flexibility of function integration as it is Cb4&¥s.

SRAM-based an@NVMs-based CIM acceleratoceuld suffer fromcommon ompeculiar



limitations in mixed-signal computation, such as ADC quantization loss, IR drop, read

disturbance, process variatioes;

ADCs will introduce nordealities into the @/ accelerators regardless of the device
used. First, it is usually impractical to use fpiecision ADCs in the CIM array
considering their size and energy consumption. Reducing the ADC precision will introduce
guantization errors, which may diminish gperformance of the DNN echip. Techniques
have been explored to reduce the required ADC precisions while maintaining performance.
The ISSAJ6] design reduces the ADC from full precision bkifLusing weight encoding.
The enoding method first checks whether the weights are collectively large for each
column of weights. If not, the weights are stored in their original form. Otherwise, the
weights are saved in a daflippedo f orem. I n
sum of products always yields an MSB of 0, and thé lower precision ADCs would not
introduce quantization error. Later, the AEPHE design proposes further reducing the
ADCs®6 precision at a degradationcBy dheckixgphe siagisticso f a
of the DNN value, they find that the most significant bits (MSBs) carry much less
information (which means most of the MSBs are small or even zeros) than the least
significant bits (LSBs). Thus, a bounding methoat thnly keeps the least significant bits
was used to reduce the ADC precision. Evaluation results show that this bounding method
introduces negligible accuracy loss with up tbiquantization loss for big networks such
as AlexNet8], VGG-16[9], and ResNeb0[10] for ImageNet classification. I[i1], Sun
et al utilize nonlinear quantization to minimize the ADC precision with negligible
accuracy. The nehnear levels are determined via the Lleythx algorithm and mapped

by a lookup table. It is shown that for MLP on MNIST classification, the ADC precision



can be reduced by-8 bits according to the subarray size. For the CNN on CHEBRhe
acceptable ADC loss is within the range of 2 to 4 bits for different subarray sizes. The prior
works are mainly targeted at inference accelerators. For the trainingegntiia weight
statistics vary with time, especially at the beginning, requiring a relatively higher ADC

guantization precision.

Another concern caused by digitization is the input offset on analog readout circuits
(i.e., sense amplifier) caused by processations. Tiso f f set bi as the ADC
away from their desired value, thus introducing ADC quantization errors. To overcome
this problem, Yiret al.[12] compensate fathis offset by finetuning the references afte
fabrication. An automatic algorithm is proposed to generate the correction step
proportional to the difference between the ideal and actual ADC outputs, scaled by a factor
decreasing with correcting iterations. One drawback of this method is thattlehdéset
is static after fabrication for certain sense amplifiers (SAs), they are random across
different SAs. Thus, the references need to betfined for each SA eohip. Advanced
sensing offset cancellation techniques are proposed with increasatl @dmplexity as a
replacement For example a triple-margin smaloffset currerdmode sense amplifier
(TMCSA) is proposed in13], and a duatbit smalloffset currenrimode sense amplifier
(DbSOCSA) is proposed in[14]. Comparedto the traditional CSAdesign, which
comparesinputd @nd referend& currentin two symmetricbranches these advanced
designs sense the current difference in the same branch: the input current is copied to the
pull-up/pulkdown circuit while the reference current is copied to the-gan/pullup
circuit. In this case, the offset between the input pairs of two branches is avoided. In

addition, theTMCSA could amplify the current difference by three times tertht small



read/sense margins, while tbdSOCSA uses two reference currents to generate a 2bit

sense result, reducing the number of references and sense time.

Wire resistance is also a common problem in all CIM accelerators and will be more
and more sexre as technode scales down. The wire resistance will cause IR drop, making
currents contributed by the cells vary across different guosgs. Liu et al. propose
compensation methods for 4Rop in[15]. For the inference gmne, they finetune the
resistance of the cell to make the combination of cell and wire resistance close to the ideal
value to represent the weight. For the inference engine, thetufieethe resistance of the
cell to make the combination of cell and&iesistance close to the ideal value to represent
the weight. For the training compensation, the programming width is modulated by the cell
location, considering the IR drop of the writing voltage. Still, the resistance of the cell is
targeted at a valuthat makes the combination of cell and wire resistance represent the
weight. Instead, Het al.treat the IRdrop asnoise and utilize the noise robustness of the
neural network to eliminate its effefd6]. They approximatehe IR drop as an additive
Gaussian noise at the edge of thessbaarrays and train the network with noise injected.
Tested on a LetNéd on MNIST classification, the network still converges with noise

injected and shows much betterdiRop robustness.

Besides, some neidealities are caused by circuit structures and thus vary from one
design to another. One drawback is the nonlinearity in the analog output signal caused by
the readout circuits. For example, if resistors or capacitors are used asflcad®mt
mirrors or convert the current to voltage, the readout currents/voltages may saturate as
parti al s ums i ncrease. One straightforwar

accordingly, considering the nonlinearity, as showrlif]. Instead, Yooret al. [18]



propose a readout circuit with inpatvare current control and a feedback amplifier to force

linear output voltage at the expense of increased energy consumption.

Read disturbances exist both SRAMbased and eNVMbased CIMs but work
differently. For the 6TSRAMs, the VMM is implemented by activating several rows
simultaneously. If the bit line (BL) voltage drops below the write margin due to numerous
pull-down branches, the nodes storiigt 6 wi | | be flipped. One ¢
avoid data flipping is to limit the voltage swing on BL, decreasing the voltage difference
between different partial sums. A more practical way is to use SRAM cells with the
decoupled read port, as in mamgyious workg19] [20] [21]. The read disturbance of
e NV Ms defines t he phenomenon t hat t he re
conductance. As presented22], a higher read current will cause a larger shift, indicating
that a small read voltage is preferred. However, as a drawback, the sense margin of the
ADCs will be limited. Chen et aJ23] point out that the singikevel cell is preferred over
the multilevel cell in terms of robustness to rekgturb. The work irf22] also observes

that the middle levels have a relatively we#turbing immunity.

Anot her i ssue in 6T SRAM is the distinct

weight AO0OO0 and i nput A0O0 multiplied by wei .
as the orstate of the access transistor. Thus, iftheweightor ed i n t he Q nod
will be a dischar gel @ actohmbciomatrii dru.t e@n btyh & hci
is fAO0o, the access transistor wild/l be off

asymmetry will causmput-dependenanalog output shitind make it hard to design ADC
references. Similar to the read disturbance problem, this issue could be solved by the

decoupled read port for product operation.



Compared to SRAM, eNVM suffers from more device +agalities. Some nen
idealities matter only in training, while others degrade the inference performance. First of
all, the eNVM cells have limited dynamic ranges, which defines the on/off ratio between
the maximum conductanc&( ) and the minimum conductanc®( ). As the cells use
different conductance levels to encode weights, the dynamic range will limit the number
of levels the cell can represent. For example,-81IRAM usually has a small on/off ratio
and can only be used as binary cells, while ReRAM can be ssadl&level cells[24].
Another issue caused by the small dynamic range is the small difference between the
currents contributed byYp andO . Normally, the weiOght @fA00O0
and OV represenisnput " 0" . I n this case, i nput AO0O
‘O with nonzero input will still cause some current. If the on/off ratio is big, the current
contributed bynolz er o i nput and weight A0&® ovdn be n
cause the samaput-dependent analog output shiftoblem as the 6T SRAM. Ij25], a
dynamic reference generation scheme was used to solve this problem. Insteatal.
[26] find thatthe current contributed B® could be substracted and has a very limited
impact on the performance if a reference column is used. Furthermore, while a single
dynamic range is reported as the average case for a type of device, different cells of the
same device could have conductance variation. Luckily, this variation is tolerable in two
aspects. On one side, the neural network itself is frolsast to some extent. On the other
side, this variation can be mitigated by the wriggify scheme to writéhe cell[27]. Apart
from the dynamic range, data retention is also a concern that limits the number of levels of

the cell.
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The eNVM cellscanbeviewed as analog synapsedraining. The number of levels
defines the smallest step tltainbe taken to update the cell value. The dynamic range still
matters, and a high on/off ratio is desired. On the contrary, retention is no longer a problem
since the cell is updated frequly. For most eNVMs, the trajectory for potentiation and
degradation is netinear and asymmetric§28]. As reported by29], the nonrlinear but
symmetrical update of weight conductance will rexise a big accuracy loss for training.

At the same time, the ndmearity combined with asymmetry will greatly degrade the

training performance. From the hardware side, people solve this by introducing capacitors

to hold part of the weights during traigiras it is much more linear, such as PCM+3
transistorl-capacitof30] or 2-transistorl-FeFET[31]. From the software side, a titdka

algorithm is proposed for the training with nlmearity/aymmetry[32]. Moreover, each

cycl eds conductance change coul d be di ff
introducing noise in weight update. Finally, the endurance of the cell will also limit the

training performance.

1.3.2 Conputein-memory security issues

Besides thereliability issues related to the CIM architecture, various security
concerns different from the traditional von Neuman architecture are also introduced. As
mentioned before, the CIM architecture takes advantdigdeocrossbarstructure to
accelerate the VMM operation with weight stored at the cross point, which forces the
weights stored in memory to stay in their raw forritwever using CIM on edge devices

makes it usafe to directly save the data in raw fotnespecially for eNVMbased CIM.
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In [33], the authors propose a defense method to thwart the Replication Attack
against the memristdrased neuromorphic computing system (MNCS). Their system
assumes the drone with the abilitfiyor+chip training instead of inference only. The drone
is initially untrained and needs to request the training datasets from the baseBthbicn.
the drone is used for inference, secure sessiowill be establisked under sme
authentication protais. An encrypted training set will be sentle drone,where it will
bedecrypedfor training. The weltrained model orchip will fail to work after N times of
inferences due to the read disturbance. Then, the drone must require the training set again
to recover theperformance. The auttorclaim that the MNCS could defend against
eavesdropping and spoofing attacks by utilizing authentication and encryption protocols.
The probing attack is also considered impossible because of the high density of memristors
and compact 3D stack structure. The arycern is the chosen input attack, which uses
the drone to generate custom input/output pairs to infer the weights. Once the network is
well-trained for the memristdvased system, anyone with physical access to the drone
could generate input/output pausing it.These pairs could be used to infer the model one
chip. To defend against this kind of attack, they designed their MNCS such that the drone
would work well for N times. After that, the accuracy will degrade rapidly and need to be
recovered witlthe training set from the base station. If an adversary obtains a drone with
a welktrained model, he/she cannot pass the authentication protocol to get the set. Thus,
he/she could get no more than N pairs of data, which are not enough for the weight

inference.

On the contrary, another wofR4] still treats the probing attack as a threat and

proposes a frameworgonsistingof sparse fast gradient encryption (SFGE) method and
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runtime encryption scheduling (RES) scheme to defagainst it. The model stored-on

chip is encrypted with a small offset added to some of the weights in the proposed
framework. The key of SFGE is composed of the encrypted location and the encrypted
sign. The sign is found through the gradient so thapémrmance of the model arhip

could be killed by just tuning a small number of weights with a small value. The encryption
of SFGE is just the addition of the weights and the key, while the decryption is the
subtraction. There will be a traddf betweenthe overhead and the encryption
effectiveness for this SFGE method. The paper shows that different networks might require
a different number of weights per layer to be encrypted to achieve desired performance
degradation. Overall, the bottom line of tleguirement is small compared to the whole
network and thus makes the overhead acceptable. During the calculation, the weight is
decrypted to the raw format for CIM operation. Thus, the RES is used to avoid the
adversary interrupting the system during mm&iand getting an unprotected model on
chip. T h an k s -by-layer DalNiné stlite ddcrgpyiom/encryption of the weights
could also be done in this way. Thus, only one layer is in plaintext during runtime and will
be immediately encrypted after workhd RES will hide the decryption of the next layer

and the encryption of the previous layer under the operation of the current layer. Thus, the

latency overhead is small.

1.4 Thesds overview

This thesis addresses the reliability and security issues relatd¥l @mcCelerators.
The reliability issues caused by nmealities from architecture, circuits, and devices are

discussed with improvement methods proposed. Security vulnerabilities are considered
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based on the device type used for the CIM accelerator. Léghitivcountermeasures are

proposed correspondingly. The thesis is organized as shdviguire?2.

Motivation \ Reliability /~  Security \
& Background : ' ampseas [
z& Quantlzatlonj DA IS
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Figure2 - Thesis overview

Chapter lgives an overview of the background of the thesis, including the
motivation for studying the reliability and security issues in CIM accelerators, the basics
of CIM for DNN accelerations, and the statiethe-art works related to the reliability and

securiy of CIM.

Chapter 2 discusses the design flow and typical options for mapping the DNNSs to
the CIM architecturef35]. The reliability and hardware performance of combinations of
two quantization methods (i.e., DF and WAG&)dthreenumbermapping schemes (2's
complement differential pair, and shifted unsigned INT) are evaluated. Different ADC
schemes (linear vs. nonlinear) are also studied for better implementation. The evaluation
results show that thenergy efficiencygould be improved by2xwith 1.2~1.6xthroughput

and 5%~25%smaller area by optimizing the design optionsDIMNs mappingonly.
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Different reliability under small on/off ratios and ADC quantization are also shown for

different design options.

Chapter 3 introduces the effect of process variatiothe CIM accelerator, which
mainly causes the sense amplifier (SA) mismatch and, thus, the aoaliggtal converter
(ADC) offset[36]. A model of generating ADC offset from the sense pass rate tested from
SA is proposed. With the proposed model, the saitwperformance of CIM accelerators
with different ADC topologies (SARRDC and FlashADC) is evaluated. FlasADC
shows better robustness under process variation. Meanwhile, a hybtidring scheme

is proposed to compensate for the accuracy degradaticsed by ADC offset.

Chapter 4 explores the potential of-cmp training with analogynapsebased
CIM [37, 38]. The nonidealities like nonlinearity/asymmetry of potentiation and
depression, deviem-device variation, cycko-cycle variations, and ADC quandtion
for both inference and backpropagation are studied for training. The momentum solution
with stochastic gradient quantization is proposed to overcome the drawbacks of software
performance caused by the rAdealities. In addition, a segmented gradiealculation
method is proposed to reduce the DRAM access in training to maintain the hardware

performance.

Chapter 5 presents a lightweight SRAMsed CIM inference engine with a
protocol for chip authentication and key procesdi@f, 40]. An XOR-CIM core is
demonstrated with DualVL 6T SRAM cells, which integrate the XOR decryption into the

CIM operation. By utilizing the XOFCIM core, the model in transmission and stored on
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chip could always be encrypted. The overhead from protocol and protection is pralen s

on energy, latency, and area by utilizing partial encryption.

Chapter 6 presents the vulnerabilities and countermeasures specific to-eNVM
based CIM acceleratof36, 41]. The chipcloning attack and transferability of adversarial
examples are demonstrated l®ats to the eNVMbased CIM chip for edge devices. The
on-chip finetuning to recover the performance degradation under process variation are

proved efficient in defending these two treats with very small hardware overhead.

Finally, Chapter 7 summarizelset contribution of this thesis. Future work is also

proposed in this chapter.
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CHAPTER 2. Hardware-Aware Quantization/Mapping Strategies

for Compute-In-Memory Accelerators

2.1 Motivation

Various CIM designsmplemented with different kinds of memory cells haeerb
recentlyproposed for edge inferenoECNN [6, 7, 42], andseveramacrochips have been
demonstrated witimpressiveenergy efficiency11, 12, 43]. While there is a demanding
interest in CIM accelerators, studies mostly focus on hardware development on the macro
level. However, due to the analog processing manner in the CIM crossbar structure,
mapping a DNN model from a digit system to CIM macrosasstraightforward. Thus,
neural network mapping (NNM) strategies are needed to fill the gap between them. In
previous CIM works, each design applies variations of the mapping strategies based on the
designers' intuitions, which cover merely a small portof NNM's large design space.
There is no clear reason why some options are chosen over others, making it hard for the
following designers to da comprehensive eartageNNM designinstead ofrandom
attempts.However, napping methods could introducdffdrent quantization losses or
reliability under norideal effects, leading to different hardware and software performances
for the same task. It is important to understand the reasons causing these differences for

better mapping strategies designed fmod)hardware performance and reliability.
2.2 Low precision neural network

Todayodos Al researchers tend to i mprove

larger and largemetworkswithout considering the hardwacest, making theroriginally
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unfriendly for edge devices with limited area and power budgetsolve tlis problem,
peope proposeompact network structur@$4, 45] or quantization otarge network$46,

47, 48, 49] to reduce the computation and memory co$tee compact networks are
unsuitable for CIMbased inference engines since they stitlopt floating-point
computationghat are nofriendly to the crossbar structure of the CIM arrshareover,
they usuallycontaindepthwise convolutionlayers, which hae small farin and thus are
not efficient to be implemented with Clktrays On the contrary, quantized networks are
hardwardriendly to CIMacceleratoras they usuallpssumdixed-point VMM operations

with low precision parameters.

We can view thenework quantizationas a processo map the higprecision
floating-point inpus/weights to the lowprecision fixedpoint input/weights without
hurting the model sRievicuawbrksia #8e49,46250,51 hamea n c e
proved that DNNs could be quantized to 1~8 bit wedgiputs with negligible accuracy
loss.Theoretically the hardware performance couldilvproved by decreasinge VMM
p ar a mepte@sions dhus, most network quantization algorithms are aimed at
minimizingthe parameteés p r e lowewver,dhe scalability of aggressive quantization
methods to large networks for complicated tasks could be a problermally, the
network quantization approaches wid be sorted into posttraining quantization or
guantizatioraware training.On average, the latter category has presented a more
aggressive precision reduction, with some even adofimgry input/weight{50, 51].
Considering thegeneralityof a practical desigfromt he har dwar glédss per s
aggressive quantizatiesavare trainingnethods withgood scalability and flexibility will

be preferredfor the CIM inference engingl7, 48, 49, 46]. These works usually directly
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use the parameter so precision to evaluat
improvement without real evaluations done on the hardware side. There is no clue whether
guantization methodsan make a difference in real implementation under the same
parameter precision. In this work, wemparé two typical quantizatioraware training

algorithmsanddiscussed thepropertiesfront he har dwar.eb6s per spect |

w 60w O (1)

Linear quantizatiorwould be vieweds an affine map from the real valug o the
guantized valued) asequaton 1 in a general form#7]. X generally represents a sub
range ofisince it has lower precision thai, which we call a quantization rangehe
guantization range selection is critical to the softwpeeformanceof the quantized
networksFr om previ ous work, there will not be
weightsduring training, and quantizing them into a range betweefp will not cause a
significant loss in the software performanCempared to the weights, inputs could vary a
lot during training and across differemétwork structure and normally require oeful

guantization range selection with some preprocesses for quantization.

We group the quantization methods into two categories based on whether the
guantization range is flexible. The first oness a fixed range across dlielayers which
could be vewed as a fixeghoint quantization. This method is possible since there are
normally some normalization layers before the CONV/FC layers in DNNs, so the
CONV/FC layers will see similar statistics during training and across layers. A typical
example is theVAGE method[46], which alwaysclips theinput range to plp with

somefactorsfor normalization between layerSince these normalization factors are-pre
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calculated before training and kept fixed during trainihg,scalatlity of WAGE is proven

poor as the network goes deep the network structure becomesmplicated.The
upgradedWAGE [52] introduces batcimormalization (BN)(i.e., WAGEBN) to replace

the fixed normalization factor while still keeping theplp input quantizatiorrange.As

BN will calculate the normalization factor on the fly, the new version becomes more robust
across different network$lowever, BN only work on the mean and standard deviation

of the inputs to format the statistics instead of fitting the output into the quantization range
we picked. Thus, when passing the BN output to the CONV/FC layer, there might still be

some overflow or underflow loss thaurts the software performance.

On the contrary, the other category tries to dynamically decide the quantization
range from the input statistics during training[48], this quantization with a dynamically
decided rangesicalled adynamic fixedpoint (DF) number schem@&his DF could be
explained by equation 1 as differenput () rangeare mapped to the sarfired-point
number setv by usingflexible 6. This method requires extra calculation to decide the
dynamic rages during training. Once the training is done, the ranges are fixed during
inference but could differ from layer to layer. As the range is directly calculated from the
inputs, it will have less probability of causing a big overflowunderflowloss.There are
different ways to decide the dynamic ranges from the inputs. In this work, we assume the

simplest one, which takes the maximum value of the absolute inputs.

This work compared the hardware performance of these two quantization methods,
namely WAGE and DF, as illustratisto show that theuantization method will affect
the data distribution and further change the hardware performance even though the same

precision is adoptedrigure 3 shows thesoftwaretrainedaccuracy results of tke two
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guantization methabn the VGG8 network for CIFARLO classification and the ResNet
18 network for CIFAR100/ImageNet (subset) classificatioBoth quantization methods

could achieve the floatingoint baseline accuracy withi@t input and 2 to ®it weight.
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Figure 3 - Accuracy performance vsetwork quantization approaches with (api8
weight/8bit inputand(b) 2-bit weight/8bitinput.

2.3 Neural network mapping

After quantizing the higiprecision floatingpoint parameters (Y) of the CONV/FC
layers into lowprecision fixedpoint values (X), it will be much easier to map them to the
CIM macro.We dividethe mapping of DNN to the CIM architectures into three steps.
Firstly, asmost of the CIM architectures for DNN adopt a mbsighal schemehat
conducts MAC operations in tlamalog domainwe need to decide how to map the inputs
and weights of MAC operations into the analog representafitvesy as some intelayer
operationssuch as BN, ReLland pooling functions, are still done in the digital domain,
we need to define ghprocess of converting the analog MAC results back to digital signals,
namely, the ADC scheme. Finally, for a functional DNN engine, we must define the

components used to do the digital processing. Althahghhardware implementations
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couldvaryfrom desgn to design, their principlee commonin this work, we summarize

some typical options from the previous designs and show theirdftsde

2.3.1 MAC mapping in CIM

2.3.1.1 Numbersystemin CIM.

We treat the mapping from MACs tbe CIM arrayas a threeomponent dcision:
the number system, the number representation, and the analog mapping Métied.
digital computer systems atgpically binary number systenihe CIM architectureould
support higkprecision digits in the MAC operatiotue toanalog calculatio. In other
words, inputs or weights for MAC operation in CIM could be two or more bits per digit.
Here, we use digits to denote the units of inputs/weights for one operation in real hardware
implementation. An ®it number requires eight digits if a bigaunit is assumed, while
four digits with 2bit units. Input digits could be mulkiits by equipping inpuéncoding
circuits such as DACs, while weight digits could be increased by adoptingfegision
memory cells. For a fixed input/weight precisioigherprecisioninput digits will require
fewer computation cycles, and higher precision weight digptdd reduce the needed
memory capacityor a model.While increasing the digits' precision looks beneficial for
both inputs and weightshe precision of analog MAC outputs will albeincreasd. As
the circuit's dynamic range is usually limited, increasing the MAC output precision will
reduce the noise margin and increase AR resolution and overheadheoretically,
increasing the digs' precision for weights (cells) or inputs has the same impact on
increasingthe full precision of MAC outputddowever, it is more expensive to increase

the input digit precision considering the encoding circuits than utilizing-prgbision
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memory cels for highprecision weight digits from a hardware resources pafview.
Generally, reducing the hardware cost is more critical than speeding up the computation
for the resourceonstrained edge devicebhus, the number system we emplimy the

CIM ardchitectures discussed in this work will be binary inputs with flexible precision

weights.

2.3.1.2 Numberrepresentation in CIM.

As both WAGE and DF utilize symmetricquantization range around zero, we use
N-bit integes (INT) as (in equation 1) to keep contacy and for easy representation
in hardware Different zerecentered input or weight quantization ranges of Y could be
mapped to INT with different scalar valu@slin this way, the CIM arrays always see INT
operators for MAC operation. Then, we mustide how to encode these INT numbers in
the CIM system. The first scheme that comes to mind woulihdée w ocorsplement
representationas it is the most widely used one in tnaditional digitalcomputerfor
integerrepresentatioand calculationThet w ocongplementepresentatiosan naturally
encode the sign in the binary sequence for signed calculation. However, sign extension is
required for operands in multiplication, makingiefficientfor CIM architecture. Instead,
since CIM adoptsligit-decomposed MA®@perationsye coutl utilize the weighted sum
representation of thie w ocongplement datéor calculation, as shown in equation 2. This
way, all the digits in MAC operations are unsigned, and the signed bases will be introduced
after the MAC of digits is done. In more detaibnsidering the multiplication of input and
weight in binary format as equationtBe unsigned bitvise multiplication (AND) resu$t
o of different rows will be accumulated first as a-Wise partial sumThen, these bit

wise partial sums will be ated by their bass; , which could be simply realized by a
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shift operation in the binary domaifhe scaled reswdcould be directly accumulated to
the final partial sum ithey havepositive basge Otherwise, an additive inverse operation
must be appédfirst.

~ ~
¥

® 0w O ¢ w O¢ (2

While 206s compl ement weghtedesanbormataould men i s
extended to arbitrarprecision digis by grouping k bits together, resulting in high
precision digits with the power af basesAs an illustration, a-bit digit representation
is shownbelow in equation 3. o adjacent binary bit®  fo could be combined as
one 2bit digit’Q N Ttipltls with a new base¢ . However, this combination is only
true when the bases of bits have the same sign. Thus, forotesignificant bito |, it
could not be grouped with its neightior . In this case® and® could still be
viewed as2-bit digits to keep consistency with the rest digits dily utilize part of the
numbermrange. Ay signed INT couldbe represented by theb digits as equation,4vith

even N assumed to illustrate the ungroupable MSB

© o X ® ® O¢ Q ¢ (3)
O O O ¢ ® O¢ Q ¢ (4)
For easy reference | ater, we call this 2

Caselwhich has been adopted in previdli$/ designg53, 54]. A more general format

for this representation is showneguation 5. Considering aniit numbermrepresented by
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k-bit digits in this formatd 0 p G p termsare needed in totaHere, the number of
terms could be viewed as the number of cycles needed to represent full precision inputs or
the number of cells needed for full precision weighkse array structure needed to support

this representation is showmkigure4 (a).

w w O ¢ Q Oc¢ hQ
)
" miplt

Since the sign bitould not be grouped with other bifisr high-precision digit
extension of the wo 6 s ¢ o mepdsentatiem we could avoid it by grouping the
positive and negative weights separately and using the operator to represent the sign
information. In other words, the signed number could be representedifigrential pair
of two unsigned numbers at the digit level, as shown in equation 6, refemsd@se2
The'Q will representthe digits from a positive weight witthe correspondig’Q to be
zerg while a negative weight will hav@ to represent it&ibsolutevalue with zerdQ .
The number of terms will beconded p ¥in this caseHowever, since each term
denotes a pair, the number of cycles or cells needed will be doubled. @&small,
corresponding t@ , this method may cause a big hardware overh@abasic array

structure of Case2 is shownkigure4 (b), and this differentigbair data representation is

frequently used in CIM desigi42, 55].

o Q0 Q O¢ hQfQ v rmipithB g (6)
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An alternative solution to avoid sign bit is to avoid negative values of X, which utilize
the shift D (shown in equation 1) to map Y twosigned INT asX. The digitlevel
representation othe unsigned INTis shown inequation?7. The shifted unsigned
representation, referreéd as Case3, requiréd Fxerms for the higiprecision extensign
which isthe smallest among these three methods far klewever, it will causan extra
MAC computatiorbecause of the shift.[Considering an example of mapping the weights
to the unsigned IN;Ta positive shiftO is used to map the weigtit to @ (equation 8),
where thesuperscript denotes the weight from different rovihen, the MAC operation
betweerthe weight§Case3) and inputs (Caseti)l become equation 9, which is the MAC
of unsigned weights and signed inpuiith an additional MAC term between the inputs
and the shiftIf inputs are also represented in Case3, more additidAeCs will be
introduced Figure4 (c) shows an array structure for Case3 that utilizes a dummy column
of O to generate terlB O  "O0. The sultractioncouldbe done in the digital domain.

Ref.[6] has adopted this scheme for the CIM array design.

® Q D¢ (7)
O 0 (8)
o O ‘00 o 00 0 00 ©

Asdiscussed i2.3.1.1 weutilize binary inputs with flexiblgrecisionweight digits
in this paperconsidering the hardware limitatiofor simple hardwaranplementation,

we always use twibs ¢ o mp | e ma&tiontfor inpatmsincet & aaturally compatible
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with binary datain the digital systemin other words, inputs always utilize the Casel

mapping strategy while Casel to Case3 will be evaluated for weight mapping.
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Figure 4 - Subarray structures for different mapping (data representation) methods: (a)
Casel: 20s compl ement eXxtended -paredpta e sent
representation (c) Case3: shifted unsiginetl

2.3.1.3 Hardwareémplementation

To realize the operation in circuits, we still need to decide how the real signal encodes
the parameter digits. As we utilize binary inputs to avoid extra encoding circuifs,&he
a nd cdull be represented separately by OV and a reaaigeoVreadIn this way,the
CIM structurec oul d automatically skip the zero di
not contribute current to the partial sum and thus consume no ehbugy a higher portion
of AO0OO in the i npsumedduegecalcslationels atherevordsyhigll ¢ o n
sparsity in inputs is preferred. The sparsity of the input will be directly affected by the
guantization method due to the quantization range, as shdvigure5. Compared to DF,
which dynamically calculates the quantization range, WAGE utilizes adipped range
and thus has wider spread inputs with fewe
guantization methodsanachieve similar software performance with the same parameter

precision, theyanstill have different real hardware performances due to input statistics.
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Conversely, weight digits are usually encoded to different cell conductance.
Generally, small weight digits will be mapped to low conductance values, contributing
smaller currents than larggpamm duct ance cell s under input
weights is also preferred for high energy efficiency. In this work, we-tlgrdhe weights
into [-1,1] for both WAGE and DF as wao nd see much performance or distribution
difference across @mmtization schemes. As a result, the difference in hardware
performance between quantization methods is mainly caused by the input statistics. Other
techniques, such as prunifigg] or training with a regularize57], may be adopted to

improve energy efficiency from the weight side.

While the quantization methods affect inputs more than weights, the mapping
methodsmatter much taveights.Equation 10 shes a general format of mapping ek

weight digitQ to a certain conductance vali@ of a k-bit eNVM cell.

o Yo o - - o O O
0 o Yo o for ik phYO ——— (10)
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In this format, theconductance of the eNVM cells is divided igtolevels between
‘O andO ,andt he mi ni mum wei ght dizgro dondiicice i s me
value"O . Thus, mapping from digit® thecell conductance is a shifted scaling with a
shift“O . By integrating this representation into igit-wise analog MAC operation of
the"Q digit of input anck  digit of weight across different rows)( we could seg¢hat
the first term is proportional to the MAC results in the digits domath a secondnput
dependent output shiferm generated in the real circuit implementation, as shown in

equation 11.

(11)

This input-dependent output shift will make the sumnoedrent (@ ) for the same
idealpartial surmvary with input patternswhich could cause difficultin ADC design.The
variationcontributed by the shift term may be negligible when the on/off ratibeotell
is highwith low cell precision, in which case t?Ois much larger thaiO . However,
for cells with a low on/off ratio or high precision, the current caused by this shift term could
be comparable with the main part, causing overlaps artinengnalog output of different
partial sumsAs a resulta fixed reference ADC will introduce quantization errors when
converting the analog signal back to the digital domain, harming the accuracy performance.
The flexible reference ADC could solve thisoblem with additional hardwarg39].
Converselythis inputdependent output shift could be canceled according to the mapping

method with no penalty.
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MathematicallyCase2 and Case3 mapping methods cdigit-wisdy cancel'O
in nature As shown in equation 12, the shift term will be cancéletiveenthe positive

and negative digitkor the differential pairs (Case?2)

(12

Similarly, the inputdependent output shift term could also be cancéledhe

dummy column D in the Case3 approaas shown in equation 13.

(13

Bw Q YO Bw QO YO

There is nodigit-wise cancellation in the Casel implementation. However, this
shifted term will be diminished by the shitid operation across weight digitsth
different basesas shown in equation 14. Considering the irgigit (w) applied to the
binary weiglts digits from the same full precision weights, a common {&mw O )
will be generated with different basd®y grouping the bases first, we could see that the
full precision shift will only be a small term compared to the full precision MASTilte
since the bases will cancel each other. However, as the digit precision increases, the
cancellation among bases will decrease. In this case, inspired by Case3, we could use a

dummy column of allO  cells to cancel the inputependent output shiferm
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Vi
Vo
Vs
\
ViXGiin + VoXGin + ViXGin+ VoX (NG+Ginin ) ViXGrin+ VoXGiin + V1XGiin+ VoXGrin +
VaX(NGXGin) +VaXGiin +VaXGrin *+ VaXGrin VaX(NG+Girin) +VaXGinin VaXGiin + VaX(NG+Gin )

© (4V2G - 6V1G+VaXNG) - VaXGnin ~V2XGiin - VX Grin VX Grin
Figure6 - Hardware mapping with inputependent cancellation for (a) Case2: differential

pai-r data representation; (b) Case3: shi f
extendedepresentation for binary digit.

As a more straightforward illustration, we use an exampleroiwdaccumulation,
assuming 4bit weight with binary digits, to show shift cancellation for different mapping
methods inFigure 6. Here, we ignoreghe impact of ADC quantization on cancellation

effectiveness. No mismatch will be introduced to the equafidh&4) shown aboveif the
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cancellation is made befo&DC, but it is hard to realize the cancellation in the analog
domain. While the ADC is considered and subtraction is done in the digital domain, the
shift may not be fully canceled because of &i@C quantization errorProper ADC

precision is required tmake the remaining shift small in this case
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Figure7-Accuracye r f or mance vs. on/off ratio with
representation (b) Case2: differeripalir data representation (cage3: shifted unsigned
INT.

Figure 7 shows the accuracy performance of the V&@etwork with 1/2/4oit
weight digits under different cell on/off ratios and number representations methods. As
expected, the Casel method couldntan the accuracwith binary cells urt a very
small on/off ratio The robustness disappears as the cell precision increases since the base
cancellation no longer holds. For thd# percell condition, a more than 1000 on/off ratio
is needed for negjible accuracy loss. Luckily, we could release the on/off ratio
requirement back to ~10 for the Casel mapping method vathcglls by utilizing an afl
zero dummy column. For Cases2 and Case3, as thewdsgit'O cancellation
mechanism will not diappear with increased cell precisiothe accuracy could be
maintained across different precision settings with a large on/off ratio range, as shown in

Figure7 (b) (c).

2.3.2 Analogto-digital conversion
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The conversion from the analog to the digital domain is the most important part of
the mixedsignal CIM and is also thieardware performance bottleneés mentioned in
2.3.1.] the efficiency of the analog MAC could be improved by utilizing kagécision
digits, which could either accelerate the computation or reduce the required CI8l array
However this will also increase the precision of the partial sum, requiring arbggiution
ADC for lossless conversiofaenerally, as the ADC is areansumingit is hard to fit one
ADC for every column pitchA common solution is to havgeveral columns shamne
ADC through a multiplexer ahe expense of reduced colurwise parallelism. Since the
ADC area is usually proportional to its precision, the higher the ADC precisioreddopt
the CIM array, the lower the colunwise parallelismBesides the area, as illustrated in
previous worl{58], the ADC also dominates the energy consumption and latency in CIM
design, which increases with the ADC precision. Finally, due to the limited dynamic range,
the noise margin will also decrease with increased ADC precisionjutiray more ADC

guantization errarand hurting the software performance.

Two strategies could be used in analog output digitization to release this ADC
limitation caused by the lossless conversion of a-pigitision partial sunirhe first one
avoids highprecision partial sums by utilizing leprecision digits and reducing the
number of rows open in parall&l9]. In this case, only a loyrecision ADC is needed for
the lossless conversion. This technique is maisbd taelievethe noise margin problem
and fits more ADCs into peripheral circuits of a single array, leading to high celisen
parallelism. However, this will neither reduce the energy consumption nor speed up the
calculation as the rowvise parallesm is sacrificed. As lossless conversion with a high

noise margin is utilized in this method, the software performance of this method could be
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guaranteedacross different structures or taskH$e other method gives up the lossless
conversion as DNN is geradly sparse and noigeleraed. Due to theparsity, the partial
sumdistribution will be concentrated around part of its representation range, giving us
room to reduce the ADC precision. As an example mentione@®ify AEPE[7] cut MSBs

of the partial sums as they are A00s in
tolerance, even if the ADC quantization loss changes the partial sum, the final software
performance could still be maintainethere is no guarantee of how nhuguantization

loss each network could tolerate, so the reliability issue will be introduced if ADC
guantization loss is allowed. In principleve want to minimize the effect of ADC
guantization loss on the software performance with the possible maxim@rpAdaision
reduction Statistically, the quantization error tife partial sum could be minimized by
fitting the ADC quantization to the partial sum distribution. Based on thisSact.et al

[11] usethe Lloyd-Max algorithmto find nonlinear references for quantization. While this
method could reduce the expectation of the partial sum quantization error than linear
guantization, a lookip table (LUT) is needed to map the ADC levels to real digital values
for further processig. By allowing the quantization loss in the analog to digital conversion,
both the noise margin and the parallelism will be maintaiwi#ti reduced energy
consumption and latency from ADC. However, sinceabeeptablajuantization losss

based on iteffect on the software performance, we need to explore the best settings for
each taskand model Furthermore sincethe ADC precision loss is achieved from the
partial sum distribution, it could alseary for the same task and model whatopting

differentquantization and mapping methods

2.3.3 PostADC digital processing
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After conversion, ADC outputs will be further processed in the digital domain.
Mostly, digital circuits could bé&xed-point orfloating-point. Thefixed-point circuit will
be more area and ang efficient than thefloatingpoint unit (FPU). Similar to the
CONV/FC layer, other operations of DNNs are origindlibating-point in generapurpose
processord-urther processes are needed when mapping some functions (e.g., BN)}to fixed
point circuis. Thus, for simple implementation, we combine the figemht circuitswith

FPUs to support different functions in this work.

No matter which mapping scheme is used, if the weight/input digit precision is
smaller than the parameter precision, the digge MAC results need to be shifted &
added by the digital circuit. Moreover, if the weight matrix partition is employed, the partial
sums from different subarrays are added using pure digit circuits. These operations could
be fixedpoint, whose precisionsaaffected by the ADC design. If the ADC adopts linear
guantization references, the ADC output will be used directly as the digital signal. Thus,
t he ADC precision straightly decides the
nonlinear ADC gantization, the output of LUT will decide the digital signal precision,
which is normally higher than the ADC precisidrus, while the nonlinear ADC shows
more aggressive ADC precision reduction, it may cause increased overhead in the
following fixed-point digital circuits. The CIM combined with the shift & add and-sub
array addition will compromise the CONV/FC layer computation. Thus we could say the

whole CONV/FC layer is fixegboint.

According to the network structure or quantization method, somemetkate
functions, such as BN and/or scaling, must be applied between two layers of Conv/FC.

From previous work§9] [46], it is hard to convert these functionditeed-point without
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further processing or adopting high precision. Also, compared tC@MV/FC layers,
these functions only take a small part of the computations in DNNSs. Since this work mainly
focuses on the ™ structure forCONV/FC operation, which dominates the systewel
performance, we useRPUto support these operations. We also assume that if there are
backto-back BN and Scaling the networkthey will be merged into one FPU operation,

which couldfurther reduce the hardware consumption of these operations.
2.4 Evaluation results
2.4.1 Hardware tradeoffs among different mapping strategies

Hardwareperformancs acrosdifferent design optionarefirst evaluatedwith full
precision ADC. All thedesignsare evaluated ahe22nm node in DNN+NeuroSim V1.3
[60] with RRAM CIM arrays. Thedevic®d Ro nisaRodfudmed t o BE. 6kqgq/ 9
For different networksidcussed in thisvork, we choose the array size to be the minimum
kernel'Q¢ "¢ ¢ @ATNOE 6 6 PEE & @A IPOf the network (except for the
first layer) for better memory efficiencur evaluations have been done on VGG
CIFAR10 classificationand ResNetl8 for CIFAR100 and IMAGENET (partial)
classification Without specification the parameter precision is-b#/8-bit for

inputgweights (8b-W/8b-IN).

In this assumptionof the similar CIM macro and lossless ADC, the hardware
performance differences are purely caused by quantization or mapping methods. According
to Figure7 (a), a dummy column is necessary for Casel undxtr ¢ell precision under
the utilized RRAM on/off ratioFigure8 summarizeghe trends of the chip area, energy

efficiency, and throughput across different design settings. First, under the same design
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options, we find that DF always repothetter energy efficiency than WAGE. This result
matches our observation in sect®8.1.3t hat t here are more fA00S
compare to WAGE, making the former more energy efficient. At the same time, the
guantization algorithms makgtle differencein the area overhe#&tiroughput, whichs

mainly affected by the hardware resoumserheadlataflow. Compared to WAGE, DF

needs one mre step of input scaling. However, e scale is merged with BN and
CONV/FC layer computation hardwakominates the chip area/processing time, the
difference is almost negligibl&hus, we could conclude that DF quantization is a better

choice than WAGE considering better energy efficiency withgraicision ADC.

Figure 8 (a-c) show the chip arem of different networks/tasks under different
hardware settings. Whenhit cells are adopted, the number of te{msequations &) is
the sameforallthma ppi ng met hods. Case26s chip area
since it takes two memory arrays to represent one weight digit term. Case3lis Isiggjer
thanCasel because of the additional dummy column. As the cell precision increases, Casel
neals one more term than théher two andnextra dummy column folO  cancellation.
Thus, the difference between Casel and Case2 gradually decreases, and Case3 becomes
the most areafficient. In conclusion, with full precision ADC, Case2 is dominarthe
area overhead. Casel is more area efficient when cell precision is low, while case3 is better

when cell precision is high.
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Figure 8 - Hardware performance (energy efficiency, throughput, area overhesad) v
different design options (quantization methods, mapping methods, cell precision) with no
ADC quantization loss.

Asthe CIM is proposed asm@nergyefficient edge accelerator, we care more about
the energy efficiency ressltin Figure 8 (d-f). Since extra hardware means more
components to consume power, Casel gives the best energy efficiency fditloelll
precision with Case2 beinthe worst However, agenergy efficiency is also affected by
the input/weight stadtics, thearea overhead and energy efficiency treddshot strictly
match.When the cell precision goes high, Casedrsensbecause of the extra sign bit,

while Case3 wins again in energy effiocy.

We also observe that the throughput has no clear trend across cell precisions and

mapping methods, as showrFigure8 (g-i). By analyzing the latency contrbion of each
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stage, wdind that the CIM system's latency mainly consists of the array latency and the
networkon-chip (NOC) latency. Unlike the area and energy cost dominated by array
computing, the array latency and tNEC latency could be comparablender some
settings. On the array side, the latency is highly affected by peripheral circuits such as
ADC. If full -precision ADC is considered with the same cell/input precision, the array
latency will be almost the same across mapping methodsarfdagatency will increase

when ADC precision increases with the cell precisM@C's latency is jointly determined

by the number of bits to transmit, the wire length, and the interconnewntitwyork
complexity.The chip area related to mapping methods hasdyr been discussed before.
Under the same parameter precision, the higher the cell precision is, the smaller the chip
size will be, as fewer weight arrays are requisd.a result, the NOC latency should
decrease as the wire length and interconnectebmork complexity tend to be reduced.
However, the increased cell precision will atatssethe ADC's full precision, leading to
wider output bit widthMore cycleswill be needed for data transiamder the fixedus

width, and the NOC latency will be ireasedAs a result, the NOC latency has no clear
increase or decrease trend with the cell precision, leading to an unclear trend for system

throughput.

In conclusion, we could optimize the design options for neural network
guantization/mapping without AD@Quantization loss based on previous findings. The
guantization method giving higher sparsity is always preferred under the same parameter
precision. With a certain quantization approach, when the cell precision is low related to
the weight precision, Caseéd suggestedCase3 should be considered as the cell precision

increases$or better energy efficiency and area overhdawk optimal design option for the
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three evaluatedhetworksfasks could achieve a 29%~45% improvement in energy
efficiencyfrom the wost ones with 4%~40% area reduction and 4%~25% speedup under

the same cell precision.

2.4.2 Hardware tradeoffs with different ADC configurations

As discussed ir2.3.2 the hardware performance of the CIM accelerator be

improved by allowing quantization loss in the anaogligital conversion without hurting

the software performance. The quantization reference should fit the partial sum
distribution, whch the network, task, quantization, and weight mapping methods could
impact, to maximize the precision reduction. Thus, there is no straightforward way to
decide the proper ADC precision reduction except for testing by simulation from case to
case. In the work, we assume the same ADC references set for different layers of the
network and different components of the MAC, considering the reference generation
overhead. We sweep the ADC precision for different networks/tasks/hardware settings to

check the effct on the software accuradyidure9).

There is no consiett trend between WAGEBndDF about which one is more ADC
guantization robust across different hardware settlhgge assume the minimum accepted
accuracyfor eachtak to be 90%, 67%, and 83% for CIFAR10, CIFAR100, and
ImageNet (subselassification the minimum ADC precision required is quite similar
between WAGE and DRvhich meansio more than -bit difference.In other words, the
guantization methadshow diffeent robustness to the ADC quantization loss because of
the different parameter statistics. However, this difference is insufficient to cause a

significant differencen ADC precision requirements.
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Figure 9 - Accuracy performance vs. ADC precision for different design options
(quantization methods, mapping methods, cell precision)

On the contrary, mapping mettodffectADC precisionsignificantly. Under the
samequantizatiormethod Case2 is almost the most robust one to ADC quantization loss
across different cell precision. Again, Casel is good when the cell precision is low, while
Case3 is better with high cell precision. The big difference among these mapping methods
consideringADC quantization iscaused by the fadhat Casel and Case3 see two
significantly different partial sum distributions from the CIM arrkgr Casel, the digit
encodes the sign bit always contains a binary value. Thus, when the cell precision is high,
the partial sum distribution generated from the sign digit and other digits will be very
different, requiring a higiprecision ADC to cover both cases. Similarly, the partial sum

distribution of the dummy column differs from the data columns in Case3, espedialh
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the cell precision is lowThus, Casel and Case3 ADC guantization could be improved by

applying different ADC for the sign array or dummy column at the expenaéditional

ADC references.
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Figure 10 - Hardware performargc (energy efficiency, throughput, area overhead) vs.
different design options (quantization methods, mapping methods, cell precision) with
tolerable ADC guantization loss.

Next, we evaluate thieardwareperformancevith optimized ADC precisionFigure
10 (a-c) show asimilar trend with the full precision ADC case on the overhead. area
However, since the ADG@ominates theareaCIM array, the area overhead of Case2
becomes less dominant compared to the other two cases as it could tolerate higher ADC
precisionreduction From the energy efficiency result ligure10 (d-f), Casel is still the

best choice considering energy efficiency for Jpmecision cellsAs the cell precision
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increase, Cagshows better energy efficiency, benefiting from the aggressive ADC

precision reduction.

In the 4bit per @ll case,this ADC difference even makes Case2 of WAGE
outperform Casel/Case3 of DF, which has éighput spargy. Thus, we could say that
these quantization/mappimigsignoptions collectively determinthe energy efficiency of
the CIM accelerator. Finally, the different ADC precision ewthe arraylatencyvary

across mapping strategjesaking the throughput even harder to predicgre 10 (g-i)).

To furtherreducethe ADC precision to improve the hardware performance, we also
test the nonlinear ADC quantization, as mentiongd 1 In detail, the partial sums from
all layers in a etwork are collected, and the Lloydax algorithm is used to find the
nonlinear quantization levels from these partial sums. The accuracy results of different
tasks areshown inFigure11l. Compared to the linear quantizatidfigure9), the accuracy
of Casel/Case2 methods drops slower with nonligeantization. Unanticipated, the
nonlinear quantization does not work for Case3 in our test. We think this is because Case3
hires dummy columns to shift the unsigned output back to the signed partial sum. While
the dummy columns are important for correatput, their outputs are not statistically
dominant in the partial sum distribution. As a result, the nonlinear quantization levels will
be ignorant of these dummy statistics, causing big quantization errors. These quantization
errors will be global biasand cause big differensé partial sums. gain, apotential
solution could be assigning different ADCs for dummy output at the expense of hardware

overhead for additional reference.
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Figure 11 - Accuracy performance vs. ADC mision with nonlinear quantization for

different design option§&uantization methods, mapping methods, cell precision)

guantization accuraayhen the ADC precisiois highfor some settings (e.g., the accuracy

Another unforeseen finding is that there could ae initial loss of nonlinear

performance shown ifigure 11 (e) from 6bit to 4-bit). The problem ighat when we

exploit the LloydMax algoritm to find the nonlinear quantization levels, we fit them to
the distribution of a collected partial sum from different layers. However, when the
guantization is applied i certan layer, it will change the input distributions of the
following layers. This, the global nonlinear quantization levels are no longer the best fit
for the following partial sums. In other words, the software performance of nonlinear

guantization by the Lloydlax algorithm is not guaranteed for high ADC precision across

differentnetworks and tasks, making it an unsafe choice. Also, even forggréarming
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settings, there is generally no more than 1 bit saving on the ADC prefisiorinear
guantization Moreover, the nonlinear quantization requires LUT and higher precision
fixed-point circuitsfor the following computationintroducing extra hardware overhead.
According to these results and analysis, we can infer that nonlinear ADC quantization

could not effectively benefit CIM designs.

2.5 Summary

This work demonstrates a badilow of the algorithmto-hardware mappingrom
DNN to the CIM architecture. The design space of this flow is exptorprbvide a deeper
insight into thesystemlevel CIM design. In detail, we analyzlee effect of parameter
statistics on the hardware performance by comparing two software quantization methods
(i.e., DF and WAGE) with threeumbermapping schemes (2's complematitferential
pairand shifted unsigned INTWe also compare the effectiveness of linear and nonlinear
ADC gquantization schemes. Our evaluation results show headuantizatiofmapping
optionsare very important in determinirige statistics of the weight and input digits used
in the CIM operations. On one side, these statistics will determiremdrgyconsumed by
the array.On the other side, they will determine the partial sum distribution and directly
affectthe ADC precision needed, leading to differestiustness under ADC quantization
loss andhardware performanceilso, linear ADC is preferred over niimear ADC,
considering the hardware overhead, limited precision reduction, and reliability across
tasks. Tested on three different tasks, the optimized design ofdlongural network
mappingcanimprove energy efficiency by ~2xand throughput by 1.&xWwhile reducing

5%~25% area overhead from the worse cases.
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CHAPTER 3. Performance Recoveryunder Process Variation

3.1 Motivation

In the previoussection we only introduce the effect of quantization and mapping
methods on CIM architecture's software and hardwareoqmeaince. The circuits and
devices are assumed ideal in the evaluation, which is not true in real life. As mentioned in
1.3.1 the norideal circuits and devices doudegrade the software performance of the
CIM accelerators. From prior works, one of the fibealities in circuits is that the process
variation can introduce ADC offset and hurt the network performance. In this work, we
analyze the ADC offset in circgitand compensate for the software performance loss

caused by it using software and hardwar@ptmization.
3.2 Recover theperformance belowvariation
3.2.1 ADC offsetvariation modelling

Generally,two ADC topologies are popular in CIM architecturésashADC and
successivapproximationregister (SARJADC. For an Nbit ADC, a FlashADC utilizes
C p comparators to generate a thermometer code, which must be encoded to a binary
signal, while the SARADC uses one comparator but N cycles to generate a binary
sequence directly. Due to its high sense speed and low power consumption, the sense
amplifier (SA) is regularly used as the comparator in ADC. Different kinds of SAs could
be used in CIM, which coulgenerally be grouped into the currenbde sensenaplifier

(CSA) and the voltagenode sensemaplifier (VSA) based on the input signals.
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Figurel2- (a) Latchbased curreatnode SA. (b) Sense pass raie 3-bit ADC.

Figurel12 (a) demonstrates a simple CSA with a small overhead area. In principle,
this structure should be symmetric. When the two branches see differemtoyull
currents, theside with a larger pudl o wn current wi | | produce
t he ot her Howelel thgmidmatdh ®@fothe two branches caused by process
variation can overwhelm the difference between thegmin currents and cause wrong
output, namely ADC error. In asa study of a-bit ADC in Figurel2 (b), the sense pass
rate, which is defined as the percentage of correctly sensiifg tbemparing to its nearest
‘O , will decrease with the increase of the partial sum. A similar trend is reported on the
silicon data, and we think two reasons could explain it. One is that as the partial sum
increases, the correspondii@ and its nearesD will also increase. Thre will be a big
voltage drop on the transistors of the SA, making the voltage difference caused by the ADC
offset dominate. Another one is that, aseincreases, it will gradually saturate due to
the readout circuit, making the current differebetween different partial sums smaller,

leaving less room betweé&d andO

In this work, amodelis proposed for the SA offset caused by the process variation
for simulation. We assume that the offset of the SA could be converted to thefshift

reference current away from its ideal value. The output will be wrong if the reference shifts
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to the other side of the partial sum (Psum). Suppose the reference shift follows the Gaussian
distribution. In that case, the sense pass rate could be in¢elpae the cumulative
probability that references smaller than Psum, as shown by the green shadeHigarein
13 (a). Then, the Gaussian distribution could be urigdefined by the mean, the ideal

value, and the standard deviation, inferred from the sense pass rate.
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Figure 13 - (a) Sense pass rate to Iref offset conversion. (b) Sigma/mu of the Gaussian
distribution of Iref offset converted from sense pass rate.

Since the SA offset is a static offset caused by manufacturing, it will not change with
time. For a &bit FlaskhADC, as one SA is used for each reference level, different references
could shift h different directions by different distances. On the contrary, the-SBR
uses the same SA for different levels. Thus, all the references should be shifted to the same
side with dependent steps. Based on this fact, if the Flash ADC is assumed inghe desi
we will sample one offset for each reference from the corresponding Gaussian distribution.
As to SAR ADC, one offset is sampled from the Gaussian distribution of a certain reference
with nonzero standard deviation, and the offset of the rest levéldbeaviscaled by the
sigma/mu of each level, as showrFigure13. Figurel4 shows the ideal ADC outputs/

ADC output with offset based on the proposed method to integrate process variation into

ADC simulation. The FlashDC has less ADC error than the SAC since the
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independently biased levels could compensate for each other.thietBermometeto-
binary encoder is simply an adder tree. Increasing the transistor size will also reduce offset

caused by variation and thus reduce ADC error.
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Figurel4 - Simulated ADC output with offset sampled from thd tistribution

3.2.2 On-chipfine-tune

According to the previous chapter, ADCs
and software performance to accelerate DNN. From the software perspective, full precision
ADC is preferred to avoid quantization loss, wHi& precision ADC is preferred for
hardware for low area and energy overhead. As mentioned before, the process variation
could introduce ADC offset, causing ADC errors upon ADC quantization loss. As
discussed i1..3.1, the ADC offset could be compensated by adjusting the ADC references
or circuit techniques. The former is concerned with generating different references for

every ADC onchip, and the latter will intrduce a bigger area overheaw.this work,
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instead of solving the problem from-the

adaption to noise.
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Figurel5- On-chip finetuning dataflow.

Since there are generally many ADCsdip, it is timeconsuming to read out the
exact offset for pure software compensation. Thus, an easier wayads-thé/off-chip
hybrid fine-tuning to include the ADC offset automatically. The basic flow is shawn i
Figurel15: two copies of weights are obtained in this system, orghgnand the other in
software (local processoihe onchip inference will be conducted for pesific chip with
ADC offset captured, whose output will be used to calculate the loss concerning the real
label. The backpropagation will be performed in pure software with a copy of the weights.
After that, the weight gradients can be calculated in sofwvith the input feature maps
(generated by inference -@hip) and the error feature maps (generated by backpropagation
off-chip). The backpropagation and gradient calculation are done in flgaiingas they
are softwardased Finally, the weights inthe software platform and eship will be
updated by the gradient from a batch of images simultaneously. The weigtitgpaan

be updated withvrite-verify to achieve an accurate value.
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3.2.3 Performanceecovery

The PyTorch platform and NeuroSim framewor& ased for software and hardware
effectiveness evaluatipmespectively We present the VG@ network for CIFAR10
dataset classification with-@it activations(input) and 28 bit weights. The low precision
scheme of inference erhip is similar to the WWGE algorithm and could get ~92%
accuracy for all precision settings. For the hardwalated settings, binary RRAM with
Ron=20kqgq and][6IRis ised far &1 GIM array. The cell variation is not

included since the aggressive wavterify [27] programming scheme is assumed.

Assuming a softwar&rained network (software baseline) is loaded to chipf wit
ADC variation, accuracy lossill be introduced to the enhip network, as shown Figure
16. Comparing the FlasADC and SARADC under the same transistor size (W/L), the
former will always introduce smaller accuracy degradation. This trend matches the
observation thalashADC introducesmallerADC erroisbecause of level compensation.

For the same reason, the inference accuracy will increase as the transistoresises

Retrain curvesof FlashADC and SARADC with different transistor sizes are
shown inFigure17. The FlaspADC recovers fast for all the W/L under tegith smadl
initial accuracydrops. Meanwhile, the finduning effectiveness varies with the precision
of the weight ad W/L for the SARADC. In all three weight precision settings, when the
WI/L is too small, the fingéuning could not fully recover theeauracy dudo big variations.
The situation will improve as the variation decreases with the increase af IW/L
conclusion hybrid fine-tuning could compensate for the accuracy loss caused by process

variation.lts effectiveness is decided by the ADC typologiesteaaasistor size of the SA.
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Figurel7 - Retraining arveof (a) FlashkrADC with 2-bit weights; (b) SARADC with 2-
bit weights; (c) SARADC with 4-bit weights; (d) SARADC with 8-bit weights

Unlike training from scratch, firuning here is limited to one epoch considering the
overheadntroduced Tablel list the percentage of changed weight per iteration, namely,
the number of cells that need to be programmed. The percentage will increase as the weight

bits increase, yet small for all layers and settings, making the overhead-tufrfing the

network aceptable.
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Tablel - Average percentage of weightpdated petteration

2bit weight 4bit weight 8bit weight
Convl 0.127% 0.325% 1.954%
Conv2 0.055% 0.126% 0.835%
Conv3 0.055% 0.105% 0.382%
Conv4 0.053% 0.073% 0.444%
Convs 0.044% 0.048% 0.280%
Convé 0.025% 0.024% 0.150%
FC1 0.012% 0.015% 0.077%
FC2 0.038% 0.083% 0.351%
Overall 0.020% 0.025% 0.142%
Table2 - Hardware overhead fdine-tuning of onespoch.
Energy Efficiency(TOPS/W) 13.31 6.78
Throughput(FPS) 1644.27 1399.54
Area(mm”2) 53.18 92.20
Total Energy Consumption(J) 4.63 9.08
Total Latency(s) 30.41 35.73
Total Energy Consumption(J)  0.0015 0.0043
Total Latency(s) 212 3.55

3.43
1217.61
176.80
17.94
41.06
0.0323
6.73

For the hardware evaluation, in the-dmp inference stage, Ron=20k/Roff=2M and

0.2V read voltage are assumed for 128x128 subarrays wWithADCs. Duringtheweight

update stage, writeerify programming withfive pulses on average for SET and RESET

of the RRAM cell is used with 300ns of 3V writeltage.Table 2 shows the hardware

performance reported by NeuroSim with the corresponding settings. Overall, the overhead

caused by finguning is acceptable.

3.3 Summary

53



In this work, we exploredADC offset modelingunder process variation and
evaluated their effects ome softwareperformance It has been found that the ADC
structure will affect its robustness to the process variation. In detail, the ASHwill
see less performance degradation than -B&R under the same variation levels. The
process variation willause bigger ADC offset under smaller SA transistor sizes and thus
cause severer software performance loss. Thus, the performance of CIM under process
variation could be guaranteed by utilizing big transistors in ADC at the expense of area
overhead. As anlt@rnative solution, finguning onchip is proposed to recover the
accuracy loss caused by the ADC offset. The accuracy of the moedeipeould be fully
recovered unless the transistor is too small in a bad ADC strufieralso evalate the
overheadof the weightfine-tuning in both time and energy, which is shown to be

acceptable in the chip testing phase.
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CHAPTER 4. Achieving High In-Situ Training Accuracy and

Energy Efficiency with Analog Non-Volatile Synaptic Devices

4.1 Motivation

As illustrated in sectioB.2.3 we know that orthip fine-tuning could help to recover
the software performance degradation caused by the AD&t.oMso, training with noise
injected can help to eliminate the effect of other-id&alities, such as IR drdp6] and
device variation$62]. Thus, if the CIM accelerators could directly support training, these
reliability issues could be solved at no expense. On the other side, there is currently no
goodfor-all model that could work in any circumstance. Thus, the models used in real life
tend to be personalized bgcremental learningr network finetuning, which also prefers

the ability to train orchip for edge devices.

It is relatively easy to equip the SRAbased CIM with the ability to leaf3] as it
is binary and easy to write. On the contrarging eNVMs for representative DNN models
to achieve high isitu training accuracsemans a grand challenge tod@g]. Also, unlike
the inferenceonly chip, training must maintainany intermediate data, making DRAM
access unavoidable. The DRAM access could limit the computing efficiency brought by
the CIM. This work comprehensively studies these-ideal effects and seekmssible
hardwareaware algorithnt solutions forin-situ training with eNVMs.Additionally, a
segmentecatalculation scheme is used to maintain the performance for traintegipn
showing that thén-situ training with eNVMsis promising considering both the software

and hardware performance.
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Figure 18 - Norridealities of analog synaptic devices(b) eNVM arrayfor in-memory
computing with (a) asymmetric and nedimear conductance tuning, devitedevice
(D2D) variation, and cycko-cycle (C2C) variatiorand (c) ADC quantization errorA
reference column by subtraction is used to represent negative weights.

4.2 Non-idealitiesfor in-situ training accuracy

This work aims to realize the training through stochastic gradient descent (SGD) on

the analogNVM-based CIM platform. The main bottleneck is located in the weight update

step. Fortrainingoe hi p, t he desired atedifrgnhthe gadientn ge ( «
is mapped to the number of pul ses keyo <chat
challenges o€IM with analog synaptic devicese shown irFigure18. The eNVM cells

introduce nonridealities such as asymmetry/nonlinearity, deveeevice (D2D)

varation, cycleto-cycle (C2C) variationand a limited number of states. Theserideal

effectscould makecell conductance change with a real weiditacn goe ) ghiéefrom

W wi t hout t handeexifpsshema, makingwhe trainiag procedure on the
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eNVM-based CIM platform different from the software case. BesilBX;s introduce
guantization errarfor both faward and backwargropagations, making them worse than

inferenceonly engines.
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Figure 19 - (a) Conductance update trend without momentum. (b) Conductance update
trend with momentum. (c) Weight distributiontioutasymmetryonlinearity. (d) Weigh
distribution with P/D = +38 for Conv layer 3for the VGG8 networkat epoch=185.

4.2.1 Asymmetryionlinearity inconductanceuning

The asymmetry/nonlinearitymplies that the conductance change varies with the
current state and the change direction underdhme write pulse. Depending on the
trajectory's distance from the linear caseopalinearity factor (NL) is labeled from 0 to 9
The trends are distincoif potentiation and depression (P/&)d are labeled a&/-, as
shown inFigure 18 (a) by the blue/red curves. Demonstrated in the prior 2ok,

asymmetry is the key fact thedwuses significant accuracy losstead ohonlinearity.We
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propose a hypothesis asiatuitive explanatiorior this phenomenoror amemorydevice

approaching the Gm#&min by consecutive positiveegativepulses, a negatiygositive

pul se (as defined by a sign

bnbreasem éhe i n

conductancéecause ochsymmety/nonlinearity, as shown iRigurel9 (a). As a resultjt

is statisticallyeasieifor the device to returto the middle conductaeaange than approach

Gmax or Gmin This hypothesiscan bevalidatel by comparing the weight distribution

trained with P/D=0 and

Thus, withasymmety/ nonl i near i ty,

P/D=+3/, as shown ifrigure19(c) (d).

any

und e sther e d

training oscillateand should be avoided. In general, three typepWsign changere

undesired in the training process: 1) sampling error of batchescation around local

minima; 3) oscillation around global minimigure20).

S

Error of loss function

N a. some bad batch give opposite gradient
direction against the restcould happen
anywhere

c. oscillation
around global
inima

b. oscillation around

local minima

A 4

Weight Space

Figure20- Three typesof undei r ed @W si gn

change

To thwart the undesired sign change, wilize "momentumi b y i

during

ncreasi

along thedirection of a constant sign, akown in equation . While momentunmcould

eliminate the first two typeef undesired sign changthe oscillation around the global

minima is unavoidable whereas it could be mitigated mgomentumcombined with

stochastic quantizationAs shown inFigure 19 (a) and (b), without momentum, the

direction ad probability of weight updatare decided directly by the gradiefit.the
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gradient is small, the weight update barely happenantie hard to approach Gmax/Gmin

since the @G is gradually saturated. Mor eo

big jumpback towards the middle conductance. With momentiinwill decide the
direction and probability of weight updat&3n one side, the momentum will accumulate
gradients in the same direction. Thus the probability of going in that direction will be higher
and higher, making it easier to approach global minima around Gméx/Gonversely,
when the conductance exceeds the global minima and leads to an opposite gradient, it will
first decrease the potentiation/depression probability instead of direcpinfiiphe sign.
Although overshooting is also undesired, it will be Brbhacause of the saturation nature
of the potentiation/depression curve. As a result, momentum with stochastic quantization
compensates for the asymmetry/nonlinearity of the conductance tuning.

T o

Yoo 1Yo o p pTC)—(b (19

—a

4.2.2 D2D variation and C2Cvariation

The NL of P/D could be different from cell to cell for the samestgpdevice, which
is defined as D2D variatiosuchvariation is staticand the DNN model could sedidapt
to it. A more severe problemisthe C2@v i at i on, w to ivaryluport eachs e s
pul se. When the &G vari at i omomentunedefines,eal ms
positive update step may end up wittlerreasedonductance, resulting in a loss increase.
The C2C variation could be viewed as a temporal noise injected into the weight update,

which is tolerable when smallTraining will become a random search when the C2C
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variation is too bigTypical C2C values faome representative devices are showiraine

3.

Table3 - Survey of representative analog synapses reportekiiterature with weight
precision, P/D, and C2C variations.

Analog synapseaeported o Wprecision cz2C P/D
HZO FeFET [65] 32=5bit 0.5% 1.75/1.46
2T-1FeFET[31] 64=6bit 0.5% 0.85/0.85
2PCM+3T1C [30] 64=6bit 1.5% 0.2+0.2

Epi-RAM [66] 64=6bit 2% 0.5+0.5
RRAM [67] 128=7bit 3.7% 0.04£0.63
ECRAM [68] 1000=10bit <0.5% 0.347/0.268

4.2.3 Updatestepsize

Although the cell for training is viewed as an analog synapse with continuous
conductance, the programming putssmild not be arbitrarily small. In other words, the
programming pulsés alower boundof &V for each updateThe applicable number of
pulses 6 a certain device generally defines the cell precision for the inference case
However,in thetrainingc a s e , it affects the gradient
precision considering the learning rate and the use of momeniflable 3 surveys
representative device technologies ranging frofitSto 10bit. Higher precision is

preferred for more precise networkeituning.

4.2.4 ADC quantization

Since the synapse for trainingasalog, even a single cell is highecision.ADCs'
full precisionwill be big for the summed current of all the rows. In addition, sisogned
weightin DNN is mapped to a singleett conductancehat is always positie, Case3

number representation from secti@r8.1.2 must be used for this analog synap&e
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reference columrs adopted tohe partial sums back thezerocenteedregion. Thisshift

could be done in either the analog or digital domain after ADCs, as shéwgune18 (c).

This work assumes the latters analog subtraction ot easy to accomplish. However,

the positively accumulated current may have different means for different DNN layers and
have a wider dynamic range than the zegatered partial sums, making the dynamic range

requirement of ADC higher.

Reference

Aref I I bref

H .

H (]

H L}

H L]
Output ; i ' : R

21 122 Difference 23 24 25 7

v 0.7 before ADC 15 '

' [}

: Difference E

1 A —

Array b a after ADC o bi
Output

21 21.3 22 23 24 245 257

Figure21- ADC quantizatiorexample
We uselinear ADC quantization for training and set the A&erencedor zero
guantizatiorbias onthe reference column outpd®( ). This reference set, cdyimed with

therounddown ADC conversion opartial sum makes the output biaswards negative
(Figure 21). Biasing towards negative will deactivate more neurons than it should and
prevent training from convergence since many activation functions will cut the negative
path, such as ReLU and sigmoith solve this problem, rourckenter quantization could

be dme by adding +1 to the LSB of all the negative partial sums

4.3 Training on chip

4.3.1 Training-on-chip architectures
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TheSGDtraining process of DNN consists of four steps, namely, feedforward (FF),
error calculation (EC), gradient calculation (GC), and weightateodwWU). The FF and
EC steps could beonsidereaonvolutions with the same but transposed weight matrices.
Thus, previous works either use twopges of transposed weigH&S] or a transposable
CIM array to sipport FF and Ealculation[63]. The latter is preferred for the CIM
training platform with analog synapses since it is hard to copy the weights because of the

cell variations and limited precision of periphery circuits.

The GC process ctilalso be viewed as a convolution operation between the input
feature map (IFM) and error feature map (EFM) from the same image. This convolution
could stildl be i mplemented in the CIM stru
and EC, which alwaybave network weights participate in the convolution for different
images, the GC convolution sees different operands for each image. As a result, using
eNVM-based CI M in the GC stage is no |l onger
be frequently updad. Instead, it will be more practical to implement GC with digital

circuits or SRAMbased CIM.

Finally, the cell's conductance is fitned based on the gradients from a batch of
images in the WU stag®ne-time writing is assumed in this work since waké the
nonlinearity/asymmetry and variation into account. Although programming overhead for
eNVMs is high, the batetraining manner of SGD makes the WU prodessdominant

in training

Figure22 (a) shows a naie dataflow for training that conducts these four steps one

by one. Compared to the inference, DRAM access is unavoidable in training with SGD
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considering a batch size biggeah oneThe IFMs/EFMs for each image must be saved

to DRAM in the FF/BP stage and loaded for gradient calculation at the GC Fleage.

the calculated gradieswvill be saved to DRAM and loaded to the chip in the WU stage for
accumulation across differeimages Finally, momentum is loaded on the chip, updated

by the accumulated gradient, used to update the cell conductance, and then saved back to
DRAM for the next iteration. These data movements kill the energy efficiency of CIM in

the naie dataflow.

Casel Case2

@:FF DRAM acces(®:EC DRAM acce{3):GC DRAM acce(@:WU DRAM accesS: weight gradient M: Momentum

Figure22 - (a) On-chip training architecture with naie stepy-step dataflow (casel). (b)
On-chip training architecture with segmentedamnp accumulation and updates (case?2).

4.3.2 Segmentedalculation

To alleviate the massive DRAM accesses in training, a segmented gradient
calculation data flow (case2) is proposed, as showkrigare 22 (b). The newscheme
adopts the same flow for FF and EC, making no difference in DRAM access folFMs
and EFMsY . However, the GC and WU are interleavEm@(ire22 (b) stepy ) to calculate

the gradient and update the network's weights segmentally. In more detail, as there is no
need to update the weights of the whole network at once, gradients from one layer will be

calculated, accumulated, and usedipolate the mmentum totune the cell conductance
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part by part. The part will be small enouggiithat its gradientsanbe held orchip in the

global buffer,eliminatingthe DRAM access of the gradie

% § IFM Load twice
Load once é ; EFM Load twice

(a). gradient matrix vilo  (b). gradient matrix w segmentation (c). gradient matrix w segmentation
segmentation(size6*4) (cut into 2 sub-matrix of6*2) (cut into 4 sub-matrix of3*2)

Figure23 - Example of input and error feature map reload for case2 segmented gradient
calculation.

One concern othe segmented gradient calculation is the reiogadf IFMs/EFMs.
In the nale dataflow, the IFMs/EFMs need only be loaded once back to the chip for the
gradient calculation. However, if the | ayerl
maps (IFMs and/or EFMs) may need to be reloaded, as shoamdxample ifrigure23.
Then, there will be a tradeff between DRAM access for FMs and DRAM access for
gradients. Generally, if the weight size is much larger thanFM/EFM, such as ikC
and deefCONV layers, reloading FMs is more economical. Otherwise, it will be better to

allow gradient access, taking shall@@NV layersas an example.

To coverall cases, we consider a hybrid scheme that optimizes the G@ @riidw
layer wisely, which means the one with less DRAM access between nale flow and
segmented calculations will be applied to each layer. An example of the number of DRAM
access across different layers in the \\&@etwork for CIFARLO classification ishown

in Figure24. As expected, casel overwhelms case2 in the shallow layer when the global
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buffer is small, while case2 always wins for deep layers. As globalrksifieincreases,

case2 will be better as the gradients of the whole layer could be fitted into the global buffer.

[ —=— casel
—e— case2 16kB
10° | —*— case2 32kB
—v— case2 64kB
case2 128kB
w0 case2 256kB
case2 512kB
. | —®—¢ase2 1Q24kB
1 2 3

Num Bits of DARM Access
A
5

Figure24 - The number of DRAM access bits for each layer under different ghaitar
sizes from 16 kB to 1024 kB for casel (naie) and case2 (segmented gradient calculation)
schemes

4.4 Evaluation and discussion

We evaluate the analegynapsebased CIM platform using the VG& network
training on CIFAR10 classification. From the traimg perspective, we assume inputs
(IFM), errors (EFM), and gradients of the CONV/FC layer are quantized while weights are
floating-point (analog cell). In the following content, we will no longer emphasize that
weights are floatingpoint in training. Instad, we use weight precision to imply gradient
precision to keep consistent with inference. We modify WAGH to integrate all the
nortridealities of eNVMbased CIM. The default setting usebiBweight (gradient) and-8
bit IFM/EFM from the hardware poirdf-view. Without specification
nonlinearity/asymmetris analyzed withP/D=+3/-3. The ADC quantization is introduced
at the edge of each 128x128 arexgept for the first layeMWith a batch size = 200, the

ideal software bgeline could achieve 92% using WAGE quantized training.

4.4.1 Software evaluation
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We first evaluatethe effectiveness of momentumn nonlinearity/asymmetry
compensation. Training results with different momentum factorsPi@r=+3f3 and
P/D=0/0 are shown ifrigure 25 (a). WithT equals 0.9, the accuracy BID=+3£3 is
significantly boosted while P/D=0/0 is slightly affected)idatingthat momentum could
degrade the accuracy loss causeddnlinearity/asymmetryConsequently, 0.9 is used for
I in the rest simulatia® Afterward, inFigure 25 (b), various NL factorsare testedinder
asymmetry By fine-tuning the learning rate to control the numbgweights updated for

each iteration, ~87% accuracy is still achievalpeo extreme P/D=+%.

Big Batch
95% 100% 0 2000 4000
CIFAR-10 90%| CIFAR-10
90% 80% | el _ sou
~92%  ~89% CB7% [ 5,807 .
3 gso, | ~90%(p=0.9) S 60% | | 8,00 80%
2 g CIFAR-10 507
=3 3 _ o
8 80% S 400} B=0.9 1 S 60%
< —A— P/D=+3/-3| < PID = +/- PID=313, pe0
—=—P/D= 50% ——PID=+31-3, p=
75% PID=0/0 20% | . ] PID=+3/-3, p=0.9
—a— tuned Iearn_lng rate 200 — with D2D variation
70% weight(grad.) precision=8 o +. same Ic_—:arnlpg ra!e %o — Batch Size=4000
00 0.2 04 06 08 1.0 "0 2 4 6 8 10 0 100 200
(@) Momentum Factor(p) (b) Nonlinearity Level(NL)  (c) Epoch Number
Figure25-( a) Accuracy VvsS. momentum factor bD.

factor under asymmetr{c) Training traces w/wo momentum, D2D variation and big batch
size=4000.

To furthervalidate our hypothesis of undesired sign change, we evaluate the training
process with a very big batch size. In this case, the batch sampling noise will be diminished.
As shown inFigure25 (c), a batch size = 4000 is used to train the network with P/BD=+3/

3. Since the batch size increases, the number of epochs is enlarged correspondingly to
achieve the same number of weight updates. We could see from the réshé thg batch

size could achieve higher accuracy than the smaller one under P/D=+3/3 andBut
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still, it can not get a result as good as the momentum solution. The same figure shows the
training result with a D2D variation arouRdD=+3£3 with a 0.5standard deviatiohy the
blue curve. The trend is very similar to =+3£3 casewithout variation showing that

D2D variation is not a concernnbnlinearity/asymmetris no longer a problem.

100% T T T 95%
—l-NL=3, weight(grad.) precision=8
90% g—0—0 ~@-NL=6, weight(grad.) precision=8
-/ f 80% } 909 -:l-NL=3. weight{grad.) precision:d-
~90% ’
3 80% | ‘3‘ 60% ~84% ] a"
o g 0% g
S 3 3 85% |
Q CIFAR-10 O, o
Q 70% O 40% 18
< < CIFAR-10 | <
80% |
= 20% i 1
P/D=+3/-3 ~—#— tuned learning rate
60% m - 1 —&—same learning rate CIFAR-10
weight(grad.) precision=8
' i ' i i i oD/n i i 2 75% A A L
6 8 10 12 14 16 i 4 L 8 0% 2% 4% 6%
(a) Momentum Precision (b) Weight (gradient) Precision (c) C2C Variation

Figure 26 - (a) Accuracy vs.momentum precisian(b) Accuracy vs. device weight
(gradient) precision(c) Accuracy vs. C2C variatiodMomentumb =0.9 is applied.

We also apply quantization on momentum to reduce the memory overhead to hold it
and the energy overhead caused by loadinghg it for each WU iteration. Unlike
gradients, momentums need to be quantized statically instead of stochastically, introducing
a higher precisiorrequirement Figure 25 (a) shows that 10~12 bits are required for

momentums to avoid accuracy loss.

Then, we evaluate the cell precision effect on training. As mentioned before, cell
precision defines the updating step size in traiditige lower the precision, the bigger the
step. Surprisingly, even down tebft weight (gradient) is stilfeasibleunderfine-tuned

learning rate, as shown kigure26 (b).
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Figure27-St at i sti cal wei ght iugnebkatchefor gifteterit B/D,n  ( pW

C2C variance, and weight (gradient) precis{@)When C2C variation is small for devices
with small P/Dand high precision. (b) Wen C2C variation is large for devices with large
P/D and high precision and case (c)héh CZ variation is large for devices with small
P/D and low precisian

We find that the effect of C2C variation highly depends on NL level and weight
precision. Since the drawback of C2C variation is to flip the desired shift directtba of
conductance, a big update step will have a lower probability of being exceeded by th
variation. We can see this from the results showfignre26 (c). Low precision and high
NL devices are more robust as C2C variation increases since they imply greater
conductance change. To better understand
different NL, C2C, and cell precision. As showrHigure27, the color denotes the weight

update direction according to the gradient. The red ones need an increase while the blue
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