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Background

| 2

Conventional von Neumannn computing architecture based on
moving data between Central Processing Unit (CPU) and the
memory (e.g Random Access Memory, RAM)

The interface between the CPU and the memory introduces
latency and consumes significant amount of power ("memory wall")
Especially problematic in computationally intensive tasks, such as
Machine Learning (ML) applications

1990’s introduced near-memory computing, still physical
separation between memory and CPU

In-memory computing: Perform computation inside the physical
memory, rather than moving data back and forth between the CPU
and memory
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Background

Conventional memory
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Figure: lllustration of differences between the conventional (a) and
in-memory (b) computational architectures. '

'Sebastian, A. et al. https://doi.org/10.1038/s41565-020-0655-z
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Charge-based in-memory computing
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In-memory computing: Introduction

| 2

>

In-memory computing (IMC) quite literally translates to performing
logic operations with the memory elements

Memory devices used can be roughly grouped to two:
charge-based and resistance-based devices

Charge-based memory: state of memory cell is determined by the
presence or absence of charge on certain circuit node

Primitive structures: Dynamic RAM (DRAM), Static RAM (SRAM)
or Flash

Flash-based devices seem to be rare, due to high-voltage
requirement for writing, slow access time and reliability issues

DRAM and SRAM are extensively utilized in IMC as primitives
used to realize different logic functions
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DRAM IMC macro
e >

T T

Figure: Example of a DRAM IMC macro

> States stored in capacitances C4 and Cg, Csg selects between AND
and OR

» Connect all capacitors in parallel, bit line voltage approximates average
of voltages A, B and SEL

> Vi selected tactically (near Vpp)

» Using complementary output of SA, we get complete set of Boolean
operations!
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SRAM IMC macro
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Figure: Example of a SRAM IMC macro

> Bit lines precharged to Vpp

» Parasitic capacitance of BL charges/discharges to some
intermediate value between Vss ... Vpp depending on inputs

» Once again, complementing outputs of SA yields functionally
complete set of Boolean operations
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Matrix-vector Multiplication (MVM)

>

| 2

Matrix-vector Multiplication is a predominant kernel used in ML
applications (e.g. image processing) 2

Multiplication requires cascaded logic operations using IMC
macros, what if we want to do better?

Idea is to multiply vector b with matrix A to get output ¢

A-b=c (1)

A in above equation represents the weights (multipliers) for the
input data in vector b

Multiply and accumulate (MAC) between 2-D memory array
(weights) and input data

2N. Verma et al., doi: 10.1109/MSSC.2019.2922889
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MVM kernel for MAC operations
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Figure: Conceptual illustration of a MVM kernel performing MAC
operations on input data b. 2

2N. Verma et al., doi: 10.1109/MSSC.2019.2922889

, , Aalto University
School of Electrical

Engineering

ELEC-L352001
20.04.2022
10/35



Comparison of conventional and IMC architectures

Conventional
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Figure: Comparison of conventional and IMC architectures in terms of

basic performance metrics. 2

2N. Verma et al., doi: 10.1109/MSSC.2019.2922889
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In-memory classifier using 6T SRAM 3
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Figure: Column-based weak

Figure: Top-level architecture. o
classifier.

> Application: low-power continuous coarse detection for a fully
functional ML core

> 1-bit weights for each input

8J. Zhang et al., doi: 10.1109/JSSC.2016.2642198.
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In-memory classifier using 6T SRAM: The DAC 3
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» Problem: pre-charged BL/BL voltages may pull the internal nodes
high or low, flipping the state of the SRAM latch!

» The work solves the problem to driving the WL voltage only to 0.4V
(1/3 of supply)

> Offset current source in parallel with IDAC to reduce non-linearity
of lower range of input codes

8J. Zhang et al., doi: 10.1109/JSSC.2016.2642198.
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In-memory classifier using 6T SRAM 3
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8J. Zhang et al., doi: 10.1109/JSSC.2016.2642198.

Aalto University Y
A” School of Electrical ELE;:OLO::sggg;
15/35

Engineering



Robust In-Memory Machine Learning Classifier with
On-Chip Training *

Figure: Top-level architecture.

> Instead of voltage-based DAC, generate PWM signal (pulse width
proportional to input)
> PVT compensation by on-chip training: reduction in
misclassification rate from 18 % down to 8% with training
4S. K. Gonugondla, et al., doi: 10.1109/ISSCC.2018.8310398.
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Robust In-Memory Machine Learning Classifier with
On-Chip Training *
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Figure: Effect of PVT compensation by on chip-training.

*S. K. Gonugondla, et al., doi: 10.1109/ISSCC.2018.8310398.

A”

Aalto University
School of Electrical
Engineering

ELEC-L352001
20.04.2022
17/35



Robust In-Memory Machine Learning Classifier with

On-Chip Training *

[1] 21 [51 [6] [3] [4] this work
Technology 65nm | 28nm HPC 40nm 65nm 65nm 180nm 85nm
Algorithm CNN FC-DNN | matrix mult. | filtering SVM AdaBoost SVM
Data set ImageNet | MNIST MIT-CBCL | MNIST | MIT-CBCL
Architecture digital digital analog analog | in-memory | in-memory | in-memory
On-chip leaming No No No No No No Yes
Total SRAM size (kb) 1449.2 9248 - - 128 103.6 128
Energy/Decision 7.94mJe 0.56uJ - - 0.4nJ 0.6nJ 0.042nJ
Decisions/s 35 28.8k - - 9.2M 7.9M 32M
| # of MACs/Decision 2663M 334k - - 512 - 128
Max. accuracy (%) - % - - 9% 9 %
MAC level metrics
MAC precision® (B, X B,} 16=x16° 8ex8* 3ex6e Bx14* 88 5x1 B8
Efficiency (TOPS/W) 0.336¢ 0.56° 3.840 0.5" 125 - 3125
| MAC energy (Ewac) (pJ) 2.989 179 0.26° 2 0.8 - 0.32
Ege:rgm;jfa“d MAC "6 % 1440 | 17857 125 - 49
Estimated of prior art to realize SVM algorithm with vector dime of 128
Energy/Decision (nJ) 0.381 0.229 0.033% 0.256* 0.102 - 0.042
Decisions/s 250M 75M 19.5M 350k 36.8M - 3z2m
# MACs per cycle 168 8 1 64 256 10,368 128

s indicates signed; B, input precision; B,,,: weight precision

b does notinclude SRAM memory acoess

Figure: Comparison to prior work.

©normalized to account for operand precision (£ ac/(By X By))
“estimated from reported data

4S. K. Gonugondla, et al., doi: 10.1109/ISSCC.2018.8310398.
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Compute-in-Memory SRAM Macro with Multi-bit
Input, Weight and Output 5

R/W Interface |,
w

Figure: 8T SRAM cell.
Figure: Top-level architecture.

> Replace 6T SRAM with 8T for better resilience to internal SRAM
errors

> 4-bit input realized with 4 bit unit pulses on RWL line, more linear
than PWM

> Weights realized by sampling RBL on binary weighted capacitors

> 4-b flash ADC for
°M. E. Sinangil et al., doi: 10.1109/JSSC.2020.3031290.

99 AaitoUniversity ELEC-L352001
A S h ol of El 20.04.2022

|||||||
19/35



Compute-in-Memory SRAM Macro with Multi-bit
Input, Weight and Output °
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Fig. 6. Comparison of (a) pulsewidth modulation and (b) multiple unit
pulses with respect to linearity of mult-bit representation. Multiple unit pulses
provide better linearity when comparing the total charge removed for 4’d1 and
4d2 input activations.

SM. E. Sinangil et al., doi: 10.1109/JSSC.2020.3031290.
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Compute-in-Memory SRAM Macro with Multi-bit

Input, Weight and Output °

TABLE L
COMPARISON OF THIS WORK TO PREVIOUSLY PUBLISHED WORK
JS;%]" ISS[ﬁS]M lsicg 18 ISS[ESC] 18 ISS”CsC] 19 This Work
Technology 130nm 65nm 65nm G5nm 55nm 7nm
Array Size 16kb 128kb kb 16kb 3.8k 4kb
Cell Type 8T 8T SET 10T T8T 8T
Push Rule No No Yes No Yes Yes
Bitcell Area (um?) 4334 NA 0.525 NA 0.865 0.053
Input Bits 4 1 1 T 4 4
Weight Bits 1 8 1 1 5 4
Output Bits 1 4 1 7 7 4
Power Supply (V) 12804 1.0 1408 12809 10 08 10
Cycle Time (ns) 20 NA 23 150 102 55 45
Throughput (GOPS) NA 4 1780 1 10.67 176 37242 455.1
P | | aw | e | om0 | e [

1) Each operation is only 1b X 16
2) Each 4b X 4b is considered as 2 operations

SM. E. Sinangil et al., doi: 10.1109/JSSC.2020.3031290.

, , Aalto University
School of Electrical

Engineering

ELEC-L352001
20.04.2022
21/35



An SRAM-Based Multibit In-Memory MVM With a
Precision That Scales Linearly in Area, Time, and
Power ©

> Pipelined MAC operation enables scaling of area, time and power
linearly with resolution

®R. Khaddam-Aljameh, et al., doi: 10.1109/TVLSI.2020.3037871.
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An SRAM-Based Multibit In-Memory MVM With a
Precision That Scales Linearly in Area, Time, and
Power ©

Metric This work_ ISSCC20 (301 JSSC'I9 (18] JSSCI9 (171 JSSC'20 31)
Technology 14m Tom 65nm. 65 nm 65 nm
Operatng Voliage in V 08 10 10 0.94,0.68,1.2 1
Numbers obisined from Simulation Measurement  Measurement  Measurement  Measurement
Fully Digial Not required Not required
Input D/A conversion M PWM-based Qinary only) > oaly)
Fully Digil  Charge-sharing- Not required ired
Weight DIA comersion s el binary nly)  onvy
Output AID comversion SHSARADC  dbit Flash-ADC 0t charke: o e Sbit Flash-ADC
sharing ADC _ using 6bit DAC
SRAM size 256 KB 1KB 2KB 295 KB 16KB
SRAM bitcell ST ST 107 10TIC sTIC
SRAM words per IMCU (pscc) S 1 16 1 1
r of weightbits (ne +- 6 4 I 1 I
 of inputbits (n + sign) 6 4 6 1 1
¥ of output-bits 8 4 7 1 5
Relation between number of weight-bits e
and (eel) area linear exponential’ binary only binary only
and latency linear constant binary only binary only
and power linear. tinear binary only. binary only binary only
Relation between number of input-bis rix
and latency linear exponential! exponential! binary only binary only
and power constant constant linear binary only binary only
Peak Throughput (TOP/s) 243052 0372|004 0008 1879 1638
with precision scaling  87.38 | 1882° 5958 | 0.64° 0048 1879 1638
Enerey Effciency (TOPISW) 1694 | 365° 351|378 03 866 6715
with precision scaling 6097 | 1313 5616 | 6048" 2418 866 o715
Area Eficiency (TOPIs/mn?) 398 | 086° 1164 | 1253 0092 15 2022
with precision scaling 1432 | 3084 1862 | 2005° 0553 15 022

Ticales with power of 2. * Normalized 1o 65

> Precision scaling indicates efficiency while taking into account the

accuracy
®R. Khaddam-Aljameh, et al., doi: 10.1109/TVLSI.2020.3037871.
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DIANA: An End-to-End Energy Efficient Digital and
Analog Hybrid Neural Network SoC ’

Design Overview Key Highlights:
. -

§i T

Lo S — )

DIANA on chip

04T0Ps i 25T0Ps

TE IR

Performance, Energy efficiency

> SRAM-based analog core used for low-accuracy, but
computationally intensive tasks (convolutional problems, etc)

> Digital core used for simpler, medium-accuracy, tasks
7K. Ueyoshi et al., doi: 10.1109/ISSCC42614.2022.9731716
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DIANA: An End-to-End Energy Efficient Digital and
Analog Hybrid Neural Network SoC ’

188CC21
Digital (2]

188CC21

In-memory (3]

185CC21
In-memory [4]

Techrlogy
o (CRCV-og1amANG
Precision(A) 8 T(analog), 2/478 (digital)
Precision(W) 8 i
243 (6gt)
G e (2] oo im0 £
Peak performance (TOPs) 0.14 @ 470MHz 205 (analog) @250MHz
014 dla) @Z50MH:
oo fony Topamt) [0765 T2 (G macr]
3.3 (analog + digial)
Peakafomncy (0P [ 121 GOSY. 570 o) 21 ) DigtalCore 4.1 | Analog Corr 600
izt 759 (systom) 085V, | Gopsimemossy, Toukz
(measured) | AIMC: 0.56V)
24 T4{macro) [7e3 macrr
s01(sysen) (Logichmen: 055V, T5MHz, ANC: 055)
0 (sysom,end o end aldigt andarg)
(measred)
GrARTO Loy BE 1 24ms same candion 3 oo o]
ImgNet TOPsW 1262 7.32 (macro*) 1167 (macro) 67.8 (system on analog-executed layers)
275 (system’) 18.0 (system, end-to-end alldigital and analog)
(Logic&mem: 0.8V, 250MHz, AMC: 0.6V, simulated)
ImgNet Latency [248ms. 112ms 1.72ms 6.15ms (end-to-end, simulated)
(enstoend) m oy
T e o o Ve

** Skips computation by predicting zero output

K. Ueyoshi et al., doi: 10.1109/ISSCC42614.2022.9731716
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DRAM-based approach &

<DRAM
Cell Size. . Sub-array
[Rouso Exising | 5
Loss | woe |||
o
i i :
Exra Circuly | Hors | Loss ‘Sub-array P
Womory Access | o T .0 ||| B l Weight Array {—
Energy Cost I3 LI ADC
K y features: Array
Design Features ¥
[Compe el tioed sl | 3 ‘ Sub-array Raconfour 111C a0RAMto esze ity of
Tnput Siz il computatons
Miigate dota movemen bstasen sORAM and
Weight Size processig cores
R CiobalCotumn Decader |
InsDRA ] Differential DAC -
Doep Neural HEEEE JmE
Networks @ mAvs Array & eDRAM Pe
Conwpikacén’ [ SARADC Local Column Decoder

Weight Storage Array

> Memory, DAC and ADC all based on DRAM cells

8S. Xie, et al. doi: 10.1109/ISSCC42613.2021.9365932.
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DRAM-based approach &

[ This work  |ISSCC'20 [3] | ISSCC'20 [4] |ISSCC 20 (5] ISSCC™18 [6]
Technology 65nm 28nm 280m 220m 65nm
";;‘:g::' 1TIC DRAM | 6T SRAM ?:L;m; ';me 6T SRAM

SRAM
Array Size 16Kb 84Kb BaKb 2Mb 128Kb
Input Precision (bit) 8 8 8 4 8
Weight Precision (bit) 8 8 8 4 8
Supply Voltage (V) 1-1.2 085~10 | 07-09 08 1
Dataset CIFAR-10 CIFAR-10
Model zc ::;i:mcﬁvs’c Regx:izo Re:m:-zo A M
Measured Accuracy ::::’;';r::gi °91.91% °92.02% N/A °83.27%
Throughput (GOPS) 471 NiA NIA NA 4
Average Energy P— 73 14.08 2893 pr
Efficiency (TOPS/W) %1.35) %2561) 3.31)
GOPS/mm? 8.26 NA NA NA 278
“FoM 304.6 86.4 167 53 2016

Imansured at 1 1V

2Scaled to 65am, assume energy  (Tech ¥ [8]
2Limited by clocking infrastiucture, chip size, tecnoiogy and bit ced area
Fol = ingat precision X weight precision x energy efficiency (scaled to

¥Top-1 of Top-5 is nat mentioned

8S. Xie, et al. doi: 10.1109/ISSCC42613.2021.9365932.
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DIMC: Digital In-Memory Computing Macro Based on
Approximate Arithmetic Hardware °

—_—
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°D. Wang, et al. doi: 10.1109/ISSCC42614.2022.9731659.
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DIMC: Digital In-Memory Computing Macro Based on
Approximate Arithmetic Hardware °

—+— DIMC-S (proposed)
~#~ DIMC-D (proposed)
- Ams DRI

. AMS

W DIMC-S (proposed)
B DIMC-D (proposed)
Temperature: -20°C
Supply voltage: 0.72V

p=16.3%
0=2.8%

£3

5 . 10 15
576 RMSE (%)
.Snlﬁl:c Compressor —4—DIMC-S (proposed) ~@-— Exact arithmetic.
|SRAM Muttiplier{JI] Adder tree W DIMC-D (proposed) @ AMS-MC[3]

F92
" £
3 5 oy
5 s6.% £90
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£ g
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-E 15 % L SR S
@ 10 w8b{l T
g 5 c [*
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Exact,CMOS ~ DIMC'S,PG  DIMC-D, PG 1 2 3 4

Activation precision (bit)

°D. Wang, et al. doi: 10.1109/ISSCC42614.2022.9731659.
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DIMC: Digital In-Memory Computing Macro Based on
Approximate Arithmetic Hardware °

This work
Issccz1[2) 18sC2003] I18sCC21[5] ESSCIRC13(7)
DMC-D DIMC-S
Techmologyiam) ] % 16 65 2 3
MAC aperasion Digital Digital S S Digial Digibl
Ay siz 16Kn 16Kb 45Ub 16KD B4KD 16Kn
Macro size [mm’] 0033 0043 " 0081 0202 0227
Area aficiency [Fb] 2569 3814 9179 1170 6368 32m
Supply votage V] 045110 045110 08 08 072 0608
Actvation precision [bif 1 4 18 1 18 116
‘Weight precision [bif] 1 : | 18 1 48216 ABN2016
Oerating frequency [Mé] 280 50 20' 50 500 138
Inputtoggle rate 5% 25% NA NA 18% Na
108 @08V | 154 @08V (4blb)
J 121 @08V (4bdb) | 671@0BV | 88 @072V (4bdb) | 117 @ 0BV (1b1b)
2219@05V | 248 @05V db1b)
9ATS@OSV  |2035 @09V (dbib)
s 41@0BV(4bdb) | 1638@DBV | 825@ 072 (4b4b) [567 @ 0.8V (1b1b)
20032@10V 4504 @11V (db1b)
CIF AR:10 accuracy 86.96% 9041% 9151% 8550% NA NA
+ Compuisd e 2 184

°D. Wang, et al. doi: 10.1109/ISSCC42614.2022.9731659.
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Outline

Conclusion
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Conclusion

> Traditional von-Neumann architectures suffer from CPU-RAM
bottleneck ("memory wall")
» Throughput (speed)
> Energy penalty
> Bottleneck becomes significant especially computationally
intensive applications, such as ML

» In-memory computing (IMC) is one possible approach of alleviating
the "memory wall" problem
» IMC utilizes memory macros
»> SRAM (predominant)
> DRAM
> Flash

A, , Aalto Unlvevslty ELEC-L352001
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Conclusion

> Possiblity of using AMS, fully digital approach (or combination of
both)
» AMS-based approaches
> Massive parallelism = improved bandwidth.
> Loss of generality, flexibility
> Suffer from PVT variations and reduction in SNR
> Suitable for low-accuracy applications
> Digital approaches
> Parallelism requires huge area footprint, limited bandwidth.
> Robust with respect to PVT and noise
> More flexible than AMS approaches
> Surveyed state-of-the-art approaches almost exclusively use
AMS-based approaches and compensate for PVT

School of Electrical
Engineering 20.04.2022
3335
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Homework assignment
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Homework assignment
—H —H —|i 4>

S G

Figure: Example of a DRAM macro

Assumptions: C4 = Cg = Csgr = C, Cpar,sL is negligible, SA input
is high-impedance, V¢ = ng

@ Derive output voltages for each input combination assuming Vs, = 0

@ Derive output voltages for each input combination assuming Vsg, = Vpp

@ Which Boolean operation (AND, OR) is realized in case 1? What about
case 27

A, , Aalto Unlvevslty ELEC-L352001
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nnnnnnn 20.04.2022

35/35



	Outline
	Background and motivation
	Charge-based in-memory computing
	State-of-the-Art
	Conclusion
	Homework assignment

