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Session 7 Compute in Memory and Ising Machines

O|t 2022 IEEE CICC2| Session 72 Compute in Memory and Ising Machines 2t= FH 2
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Sl 2, self-calibrated &l HO|E-AA QY 7FO| 7+9_| capacitor cell®] C|O|HZ XZ
EICE M2tA, self-calibrated E AHO|E-AA MY2 EWMX|AEO| |-V HIMEY & vy,

variation 2 ZMSt= eDRAM cellQ nonldeahtyg etstsF=C sl B =82

dynamic-cascoded read TZ&E S0HA Veg Ol CHSF lompll RIZEE 4H] ZHAA[ZI2H,

voltage-current two-step write drivergE oA =S |Aot M2 Z202Y {22

S7tAZICE dntdoz B =22 % &2 Y= AtE35L0] sub-pA current MLC
|

==
=& AR, 233-305 TOPS/W2| &2 O|HA| 285 ZdoRAL.

= O



oF

stgdoiM AEE ER gdis ZHE2 sHAsth B, & =22 =X52 3T (C37)
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2 &5t DIMQ| E2 charge-domain MAC array + VTC & TA + Time-domain MAC
array2 S&SHA =ICH B 8T1C bitcell HYEO| data sparsity2 Q1o B2 X0l M3
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Session 20 Machine Learning
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#20-1 2 =20|AE= CNNIt Transformer22 S Al weight@} activation2| sparsityS
£7% threshold?t H[W38{ input sequenceE reorderingdtd, clusterd@® LCFE clock
frequencyE AF8%HE 7|2 MOHSICE O [ real-time input sparsityS LIttsH7| £
O|™ layere| 2X& #st= WA OZ unstructured sparsityOfl CHSdHE WAS E8%H
Ct e &2 input sequence| sparsity?t 0~100%7HX| HAOA =X [ 8-bit 7|&
500~800MHzZ St 1, 0.6 — 1.0TOPS/WO| efficiencyS EHASIRALCt O] I sparsity
recorder &2 X ZZMAMO|AN 7% power overheadZtE XHX|SIGILCE
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Timing diagram and data flow of sparsity recorder / monitor and GEMM computations

[Z18 1] Sparsity-adaptive dynamic clock frequency modulation2| architecture®?t &= 1t



#20-2 2 =&0|M= wearableO|Lt mobile device®|A{2| real-time keyword-spotting=
st 58 &S HM ettt &2 analog front end, MFCC feature extractor 3 temporal
depthwise separable CNN (TDSCN) 2=2 F“d&[0, serial FFT2} genetic algorithm (GA)
2 Bl 952 %NSt £ TDSCN hardwareE T8 E [ff parallel adder tree 7|
9 near-memory computing PEE AF8S] memory access H+E ERULCE siE H2
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Full-integrated Near-microphone KWS Architecture
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[ 2] Fully-integrated near-microphone KWS architecture (?]) 2t TDSCN architecture (Of2H)
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22|, 3) Tensor, model, data-level parallelismS 02 XIS Zatsts HE AL 9 4)
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#20-4 2 =20 M= dynamic precisiong &3 © 2{d S&50M =2 Y=L} 22
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precision?| scalability 24|, 3) irreqular precision2 & ¢l9t storagelt memory 1/02| ‘&
H|2 QI8 dynamic precision training (DPT)2 ¥S £ U 0|50| IAKX| AUYCt HOtst
£ DPT processor= 1) sensitivity analyzer % micro inst online codegeng AHEdH
sensitivity search time &2, 2) multi-level aligned BFP unitOfl Al INTZ|%t adderE A8
DPT M8 AEZ|X| Y4l 9 1/O routing HHS AIEESZM DPTE A8l ¢S
= 0|52 30ist AL TSMC 28nm SZ2Z2 HEE A2 ImageNet o
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=20|M= Spiking neural network (SNN)QF Artificial neural network (ANN)E

gt = e FEE 7% in-memory neuromorphic computing chip2 X QtatCt,
© X M¥oz Ex JHSShX|OH M eIt LD ANNS| ZS MEpl L—.;xll:l}
OfHX| 2220 ACt= FOf Qs &= HWAS SHo=z A7 =2 2= X

2 OHX| 22ZAte=r 7|E2| ECG abnormal detectionO|L} voice activity detectiond}
Z2 taskO|Al  95%0|49Q| inference accuracy® EOFELCL SRAMOIA  in-memory
computing2 sparsityE 128§ row E=&= columnttR|E power gating2 SHALE rmg-

based converter& &%= HAZ Sl spikeQ| sparsityd| power adaptivedtH &2tgt
Ct X Qtsh= &2 0.43 p)/SOPQ| energy efficiencyS =45 RALCH

#20-6 = =F0|A&= dynamic workload allocationt heat map compression/pruning 7|
tnﬂ% 2l @8 7hs$ Artificial intelligence (XANE SEAIZ = U= Al processors

O/X| IAldh ZH2 taskOl A class activation mapping (CAM)It 22 7|#HE
Al7f E“:JE’.J oAHE =og = A= Y F StLelh, ofF s 7|E inferenceOilA At
25X %E heat mapO|Lt backward propagation @4t0| =7t2 EH =2 oA ECt O
oF 2 AHALS A|XSL7| I8 O] =20ME MA gradientZ floating point2 A At}
= 04 E3 target class®| gradient?tS fixed-pointZ2 QAStE BHAS ALESICH I
inference explanation schedulingO|Lt compressed format, JEI_T'_ point-wise gradient
pruningg 831, XBHOZ XAl taskOl A 26.55TOPS/WE =gt ULCE
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