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Advanced Storage Technology

Bring compute and memory closer together to reduced the cost of data
movement

Processing/Compute Near Memory (a.k.a. near-data processing)
— Embedded DRAM (eDRAM)

* Increase on-chip storage capacity

— 3D Stacked DRAM (e.g., Hybrid Memory Cube (HMC), High Bandwidth Memory (HBM))
* Increase memory bandwidth

Processing/Compute In Memory (a.k.a. in-memory computing)

— Static Random Access Memories (SRAM), Dynamic Random Access Memories (DRAM),
and Non-Volatile Memories (NVM)

— Processing integrated into memory (more aggressive form of processing near memory)
versus processing using memory (using memory device to perform compute)
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SRAM (kB — MB)

SRAM accounts for majority of on-

chip storage

— SRAM is significant portion of chip area
Usually, 6 transistors per bit-cell
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DRAM (GB)

+ Higher density than SRAM I
— 1 transistor per bit-cell J__;;L .
— Needs periodic refresh T

« Special device process -
— Usually off-chip (except eDRAM — which is pricey!) CBL;I

— Off-chip interconnect has much higher capacitance
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Memory Access Cost for DRAM is Expensive

Operation: Energy
(pJ)
8b Add 0.03
16b Add 0.05
32b Add 0.1
16b FP Add 0.4
32b FP Add 0.9
8b Mult 0.2
32b Mult 3.1
16b FP Mult 1.1
32b FP Mult 3.7
32b SRAM Read (8KB) 5
32b DRAM Read 640

[Horowitz, ISSCC 2014]
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eDRAM (DaDianNao)

« Advantages of eDRAM

— 2.85x higher density than SRAM

— 321x more energy-efficient than DRAM (DDR3)

« Store weights in eDRAM (36MB)

— Target fully connected layers since dominated by weights

16
Parallel

Data
to SB

b3 NFU —
input output
neurons neurons

Tiles %

il [Chen, MICRO 2014]
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Going 3D!

Traditional MCM/PCB Silicon Interposer 2.5D m

Analog

RF Passive

Flipchip + wire bond 2.5D side-by-side integration Vertical stacking with
with TSVs & silicon interposer memory & logic

Source: https://www.einfochips.com/blog/2-5d-3d-ics-new-paradigms-in-asic/
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Stacked DRAM (NeuroCube)

* NeuroCube on Hybrid Memory Cube Logic Die

— 6.25x higher BW than DDR3
« HMC (16 ch x 10GB/s) > DDR3 BW (2 ch x 12.8GB/s)

— Computation closer to memory (reduce energy)

PIM based accelerator
for neural computing

Logic die

Memory vault

N/

1

|

7
Buffer Buffer ‘
|MAC |[mac] || [ mAc][mAcC]
'MAC||MAC] || | MAC|{MAC]

Processing Engine

[Kim, /SCA 2016]
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Stacked DRAM (Tetris)

» Explores the use of HMC with the Eyeriss spatial architecture and row
stationary dataflow

» Allocates more area to the computation (PE array) than on-chip memory
(global buffer) to exploit the low energy and high throughput properties of

the HMC

{ IDRAM Die

T —- /,f
/_Logic Die

Vault
(Channel)

dayng [eqo|9

[Gao, ASPLOS 2017]

Eyeriss
design
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Conventional Processing vs. CiM

Conventional
< A
Infol Weight
Activation Memory
Memory

lHigh Read BW‘

Compute (e.g., MAC)

‘Low BW

Compute In Memory

Input
Activation
Memory

—2A >
A
o Weight
-' 2 [ Memory B
+ Compute
v
ADC

Low Read BW l
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Analog Computing

Analog computing is typically required to bring the computation into
the array of storage elements or into its peripheral circuits

Activationis v, == |
input voltage (V;) G, Weight is resistor
l, = V,xG, conductgnce (G)
[= 1/resistance]

V, =

G,
l, = vzxez\

Many options for
“resistance”

Partial sum
is output current (I;) =1 + I,

=V, XG, +V, XG,
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CiM Using Memristors in Non-Volatile Memory

Use memristors as programmable weights (resistance)

Candidate memristor devices

Phase Change Memory Spin-torque Transfer Resistive Memory

(PCM) (STT-MRAM) (RRAM)
Crystalline Conductor Free Layer Conductor
GeShTe ) N .
— — —
Amorphous Magnetic Tunnel Jct.
GeShTe PR —
d— e

Pinned Layer Conductor

Conductor

OxRAM, CBRAM

Source: Darsen Lu, MICRO-49 Tutorial on Emerging Memory
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Candidate Devices for Memristor

STT-
MRAM
Ewrite/ Bit| 18pJ [15]*

Iwrite 100pA [15]
Write Lat. | 150ns [15]

Read Lt | AN
Program

Window

Endurance| 108-10°
[4,9]

Retention | R-drift{12] Good [6] | RTN [24]

Emerging Memory Technologies
1. [Estimated using I_reset * Vdd * t_write . (qsﬁeed Of DRAM; Non‘\n)lati“ty Of NAND)
icro-49 Tu 6

100p) [31]

2. Required programming pulse duration torial on Emerging Memory
Devices {Darsen Lu)
(W] Sze and Emer



Weight Stationary Dataflow for CiM

<

Transform into matrix-vector Input
multiply with weights in matrix, Activations

. . . . Memory
and input activations in vector

WL <Columns in Array (A)>

DAC '

VIVY V¥V

Benefits

Reduces data movement of weights
Higher memory bandwidth by reading
multiple weights in parallel

Higher throughput by performing multiple
computations in parallel

Lower input activation delivery cost due to
increased density of compute

N
[SHENEH e EH Eh

[eH(e HleH [eH(sH[sHTeHlsk

Storage element

in Weight Memory

BL

Analog
interface/compute
(optional)

YYVY V¥VY

(T T

oav

YYVY V¥VY

Digital logic (optional)

YYVYY VV¥VY

Partial Sums or
Output Activations
Memory

Rows in
Array (B)

14

CHW
4
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Loop Nest for CiM

For Fully Connected layer

i = Array(CHW) # Input  activations
t = Array(M, CHW) # Filter weights
o = Array(M) # Output partial sums

parallel—for min [0, M):
parallel—for chwin [0, CHW):

o[m] += i[chw] * f[m, chw]

For Convolutional layer
(1-D toy example)

i = Array(C, W) # Input  activations
t = Array(M, C, S) # Filter weights
o = Array(M, Q) # Output partial sums

parallel—for min [0, M):
parallel—for s in [0, S):
parallel—for ¢ in [0, CJ:
for q in [0, Q):
W=q+s
o[m, q] +=i[c, w] * f[m, ¢, s]

15
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Design Considerations for CiM

* Analog computing has increased sensitivity to circuit and device
non-idealities (i.e., non-linearity and process, voltage and
temperature variations)

« Requires trade offs between energy efficiency, throughput, area
density, and accuracy, which reduce the achievable gains over
conventional architectures

Illil- Sze and Emer
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Toy Example for CiM

ifmap

ifmap

filter
112]3]2
ol1]2]e
3le1]1
213111
< M >

Decimal Representation

psum

101 5

Binary Representation
filter

o1

10

11

10

01

10

00

11

00

o1

10

00

v

<

psum

11

00

01

o1

00111

01101

01010

00101

10

11

01

01
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Number of Storage Elements per Weight

 Ideally, it would be desirable to be able to use one storage element (i.e., one
device or bit cell) per weight to maximize density.

* In practice, multiple storage elements are required per weight due to the
limited precision of each device or bit cell (typically on the order of 1 to 4 bits)

— This is also referred to as bit slicing of the weight (weight slicing)

& 4 > & 8 >
/}‘ ~ I\‘ =
112|3]2 |11/ 0|1 |11 0
0l1]2]69 © 0610 1|1 0|00
31091111 1/1|]0/06|06 1|06 |1
l2]3]1]1 2]e]1]1]el1]e]2
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Array Size

|deally, it would be desirable to have a large array size

— Increases weight read bandwidth and throughput

— Increases area density - amortize the cost of the peripheral circuits (e.g., ADC, DAC) which can account for
over 50% of Non-Volatile Memory (NVM) designs

Array size limited by the resistance and capacitance of word line and bit line wires,
which impacts robustness, speed and energy consumption

— If capacitance or resistance of bit line much larger than storage element, it is difficult to sense value in
storage element (i.e., change in bit-line voltage/current due to value in storage element is reduced)

BL=V)sp BL=V)p - AVg, BL=VyicH BL=V, ow
WLOCOTL— WL~ ———T— WL0=Vm—W\ WLo=V,-n—‘Z\
local™"
I |—| I H Ron Roer
Clocal clocal

' Voo RBL RBL

t=0 C, _ C n -
Bt t=1 ot Illll Sze and Emer
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Array Size

Utilization of the array will drop if the workload cannot fill entire column or entire row

‘Columns in Array (A). < A8 >
) < M > 1 12]3]2] 1
mmRERy B e
s} [s}-{9]
—EGEGEEEE | - AR
ﬂt}lﬂ-l‘_"l- oy ED'O Rowsin |3 213(1]1 B=8
—fﬁaﬁal Array (8)
DDDG%I%EG
poiin
Storageﬁ ol Ilej-F 4 Y Storageﬁ Y
element element 7 |13]10] 5
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Number of Rows Activated in Parallel

Ideally, it would be desirable to use all rows

at once to maximize parallelism for high

bandwidth and high throughput

In practice, the number of rows that can be

used at once is limited due to

— ADC resolution (number of bits it can resolve)

— Cumulative effect of the device variations

— Maximum voltage drop or accumulated current

on bit line

Input
Activations
Memory

wi <Columns in Array (A)>

VL - "

YYVY YVYVY

Rows in
Array (B)

EHEHEHEHEHEHEH Bk
[eHeHleHeHeHlsH(sH ek

Storage element

in Weight Memory BL

Analog
interface/compute
(optional)

YIVY VIV

[T T ]

T 0
| Digital logic (optional) |
YYVY YYVY

Partial Sums or
Output Activations
Memory

oav

Sze and Emer
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Number of Rows Activated in Parallel

ifmap filter

112312

=0 1alela] x Lel21]2]e]| =
3lef1]1
213|112
1232

t=1 1[2]e[3] X [2]tf2]°f =
3lef1]1
23|11

final psum

Multiple cycles to complete accumulation across rows - Reduces Throughput

psum

13

10
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Number of Columns Activated in Parallel

Ideally, it would be desirable to use all
columns at once to maximize
parallelism for high bandwidth and high
throughput

In practice, the number of columns that
can be used is limited by ADC area

Input
Activations
Memory

VIVY VYV Y

wi <Columns in Array (A)>

VL - "

Rows in
Array (B)

EHEHEHEHEHEHEH Bk
[eHeHleHeHeHlsH(sH ek

Storage element
in Weight Memory

Analog
interface/compute
(optional)

YIVY VIV

[T T

T 0
| Digital logic (optional) |
YYVY YYVY

Partial Sums or
Output Activations
Memory

oav
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Number of Columns Activated in Parallel

ifmap filter
1]2(3]2
=0 THlels] x leli|2]e
3lef1]1
21311
12312
t=1 1[2]e3] x 2411210
3lef1]1
21311

Multiple cycles to complete accumulation for all columns - Reduces Throughput

psum

13

13

10
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Time to Deliver Input

 Ideally, encode input activations onto the word line in the minimum amount of
time for maximum throughput (e.g., voltage modulation)

 In practice, challenging due to non-linearity of devices and complexity of
DAC - need to encode in time - Reduces Throughput

amplitude

- AR sl

Voltage (amplitude) modulation Pulse width (time) modulation
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Time to Deliver Input

m < LN
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= \° @n —
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»n ) — —
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m 7o) ~
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= IO SN N o) N|lH|®]|m N|ld|®o|m
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Time to Compute a MAC

* ldeally, compute MAC in a
single cycle for high throughput

« In practice, the storage element
typically can only perform one-
bit or two-bit operations -
need multiple cycles to build up
to a multi-bit operation
(temporal accumulation) -
Reduces throughput

ifmap filter psum

e|l1f1]le|21]a]|1]e
elefe|[1]1]|e|e]|e

t=0 [1]a1fef1] X Titelo et = Lalelz2f2f2f2a]1]
1{e|[1]1]e|1]e]1
e|l1f1]le|2]a]|1]e
elefe|l1]1]|e|e]|e

t=1 [e]zefs] X nnnnnnnnks [2[1]3]a]3][3]1]2]
1{e|[1]1]ef1]e]1
e|l1|a2le|1]|af1]e
eloele|[1]1]|e|e]e

w2 lolafola] X ote] = Bl [o [+ [=]5]
1fe|1]|1fe]1]|e]1 <<1

t= 2 + time required to perform shift and add | 7 | 13 | 10 | 5 |
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ISAAC

28

* Replace eDRAM in DaDianNao with memristors
16-bit dot-product operation

— 8 x 2-bits per memristors (weight slicing)
— 1-bit per cycle computation (input slicing)

vl ~© GIE\
V2 -G_?Z 2

|

1 =V1.G1

12 =V2.G2

I=11+12=V1.G1 + V2.G2

- 1 . N A . . ) )

[ 1-bit | —foac —%M%bm%%m%%mq%u 2-bit

16 it |—DAC ; : - - -

iterations 1Pt _ﬂ,&-bit z-bm,z,-;bqu;-bu 2-bit
Pl

2-bit ] 2-bit 2-bmq£bit 2-bit

—oac

e

| Input Neurons |

-bit ] 2-bit H 2-bit

-bit e 2-bit Iﬂ 2-bit

Shift & ADD

[Shafiee, ISCA 2016]
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Compute In Memory (CiM) Accelerators

Energy
Breakdown
DAC and Other
processing Digital- Weight Memory
Inputs B2 D +
(DAC) Analog Processing

Analog-Digital-Converter (ADC)

ADC consumes significant energy ‘ CompU’z Results
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The Titanium Law

30

ADC energy is a product of four terms

T exponentially with set by the DNN
higher ADC resolution Workload
f L 1 l_lﬁ
ADC Energy Energy o Converts o MACs
DNN  Convert MAC DNN

| with more rows
T with more input/weight slices

Mir [Andrulis, ISCA 2023]

1
Utilization

=1 based on row
utilization
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Use Bit Slicing to Reduce ADC Resolution

Input Weight Partial Sum

8b . 8b = 16b | 8b | '
1Cycle 1 Column 1 ADC Convert ADC

16b

Input Sliced Weight

8b e | 4 | <«<a| = 12b <<4

160
8b . 4 | = 12b

1 Cycle 2 Columns 2 ADC Converts

Weight slicing increases area and number of ADC converts

Sliced Inout Weiaht P .
P g [abl{ DAC]
4 | <<4| o 8b = 12b <<4 “
16b
ab | e 8b = 12b
2 Cycles 1 Column 2 ADC Converts 2 Cycles | 12b |

Input slicing increases time and number of ADC converts
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The Titanium Law: Revisit ISAAC

ADC Energy Energy Converts MACs 1
= — X X X
DNN Convert MAC DNN Utilization
input weight 0.8
" = 07
1b 2b £
o 0.6
i 1b 2b < 0.5
128 rows . Can we reduce = 04
? ®
1b . ADC energy” > 0.3
- 5 0.2
T 0.1
NN
ADC 0.0
128-Row
8b ®ADC ® Analog Crossbar = Other
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The Titanium Law: Revisit ISAAC

ADC Energy Energy v Converts o MACs o 1
= —_— X
DNN Convert MAC DNN Utilization
input weight 08
NIRRT 2b 3 07
< 06
S
1024 rows - 1b . 2b Increase rows <§E 0.5
: : ! o 04
1b % Increase bits B 0.3
- 5 0.2
T 0.1
L
ADC 00

128-Row 1024-Row

11b ®ADC ® Analog Crossbar = Other
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The Titanium Law: Revisit ISAAC

ADC Energy N Energy A Converts MACs 1
— e X X X

DNN Convert MAC DNN Utilization
input weight 0.8
" =07
1b 1b Decrease bits/weight slice | £ (¢
128 IR 1b l 205
rows : . : Increase weight slices | = 4
1b 1b ! 5,03
L Increase ADC converts qE; 0.2
T 0.1
ADC ~ 00

128-Row 1024-Row 128-Row,

1b Weights

7b ®ADC ® Analog Crossbar = Other
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How Have Prior Works Escaped These Tradeoffs?

ADC Energy

Weight-Count-Limited

DNN

1b

1 2b

1b

1 2o

1b

1 20

Energy

Converts

—_ X
Convert MAC

o0 [

20 [

2b

Prune weights

l
Reduce MACs/DNN

ADC

ADC

ADC

8b

X

8b

MACs
DNN

1

Utilization
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How Have Prior Works Escaped These Tradeoffs?

ADC Energy v Energy

Converts

—_ X
DNN Convert MAC

MACs

DNN

Sum-Fidelity-Limited

1b

1b

1b

1 2p

2b

20 [

1
Utilization

1 2b

2b

2 [

1 2o

2b

2b [

Low-Res ADC
!

Reduce energy
per convert

LowR

ADC

LowR
ADC

LowR
ADC

4b

4b

4b
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How Have Prior Works Escaped These Tradeoffs?

ADC Energy

Weight-Count-Limited

DNN

1b

1 2b

1b

1 2o

1b

1 20

Energy
Convert

o0 [

20 [

2b

ADC

ADC

ADC

8b

X

8b

Converts

Prune weights

l
Reduce MACs/DNN

MAC

MACs

DNN

Sum-Fidelity-Limited

1b

1b

1b

1 2p

2b

20 [

1 2b

2b

2 [

1 2o

2b

2b [

LowR

ADC

LowR
ADC

LowR
ADC

4b

4b

4b

1
Utilization

Low-Res ADC
!

Reduce energy
per convert

Both approaches may require retraining DNN to preserve accuracy | s.eandemer




Energy

Reducing ADC Energy

Inefficient

PX¢

DNN Accuracy

38

How do we
reduce ADC
energy?
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Energy
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Reducing ADC Energy

Inefficient

Low A@u racy i K

DNN AccuraCy Mir Sze and Emer



Energy

40

Reducing ADC Energy

Inefficient

L I

DNN AccuraCy Mir Sze and Emer



Energy

4

Reducing ADC Energy

Inefficient

Retraining can be
difficult and
expensive

L I

DNN AccuraCy Mir Sze and Emer



Energy

42

Reducing ADC Energy

Inefficient

Reshape distribution
such that a large ADC
range is not needed

L I

DNN AccuraCy Mir Sze and Emer



RAELLA: Reshape Distributions to Reduce Input to ADC

Analog
Crossbar

DAC

Each distribution has a
@To ADC different mean

Computation C

Computation A Computation B -

Min Max

< ADC Range >
Mir

Sze and Emer
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RAELLA: Reshape Distributions

1. Shift the mean of each
distribution to the center of the
ADC range

Analog

DAC

Crossbar

@To ADC

- Computation C

Computation A

Computation B Max

< ADC Range >
Mir

Min

Sze and Emer
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Center + Offset Weight Encoding Zero-Average Analog Results

(Baseline Analog

Weights

Inputs

15

4

10

2

14

1

\

L 94 |

Partition computation
Digital calculates high-resolution center operations
Analog calculates parallel offset operations

Encode weights such that they are

represent as centers and offsets

_Center

Offsets_

Inputs

13 +2 4
— 13 -3 2
13 +1 1

[Digital Center\
Center - Sum Input

4
SE

Encoding allows analog input to ADC to be
smaller and closer to zero

[Andrulis, ISCA 2023]

( Analog Offset \

Offsets - Input
+2 4
-3 2
+1 1
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RAELLA: Reshape Distributions

Analog
Crossbar

@To ADC
Computation B

»\ Computation C requires a larger range

DAC

Computation A

Computation B Max

< ADC Range >
Mir

Min
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RAELLA: Reshape Distributions

Analog
Crossbar

DAC

2. If a computation produces large
results, slice it into smaller pieces

@To ADC

< ADC Range >
Mir

Min Max
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Adaptive Weight Slicing: Slice Large-Result Computations

Weight Input

8b | - | 8b = 16b > To ADC

0O

A Bit Slice

AV 4
4b . Sb = 12b I:> To ADC
ab |l - Sb — 12b |:> To ADC

@ More Memory (Area) © Smaller Range @ More ADC Converts (Energy)

Adaptively Slice Weights:
Only use more slices if computed
values are out of range

Sze and Emer




RAELLA: Reshape Distributions

Min

DAC

Analog
Crossbar

@To ADC

Outliers require
a larger range

s

Max

<

ADC Range >
Mir

Sze and Emer
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RAELLA: Reshape Distributions

Analog
Crossbar

DAC

3. Speculate that results are in-range, @TO ADC

recover out-of-range results

|

Recover | Recover
|
|

ADC Range
i

Min Max
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Dynamic Input Slicing: Try Again with Smaller Slices

> To ADC

Weight Input
8b . 8b = 16b
|
R\ Bit Slice
7
8b | 4b = 12b
8b / 4b - 12b

@ More Cycles (Time)

© Smaller Range

1. Speculate with big input slice

2. Recover out-of-range results

with multiple smaller input slices

@ More ADC Converts (Energy)

Out-of-range In-range with Out-of-range
big slice

Recover: Run

multiple small
input slices. //‘\\

ADC Rang
)A &

Recover: Run
multiple small
input slices.
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RAELLA: Reshape Distributions of Input to ADC

« Makes analog operations produce low-resolution results
— 1024x reduction of input to ADC

« Enables more compute per ADC convert while using lower-resolution ADCs

— Improves energy efficiency by 3.9x and throughput by 1.8x compared to iso-area ISAAC

* Maintains DNN accuracy without changing DNN or retraining

Probability

1.00%

0.80%

o
o
(=]
ES

0.40%

0.20%

0.00%

-128

——=Baseline
== (1): Center+Offset Weights
(2): Adaptive Weight Slicing + (1)

===(3): Dynamic Input Slicing, Recovery + (2)

===(3): Dynamic Input Slicing, Speculation + (2)

100%
90%
80%
70%
60%

7b ADC
Range

64

50%
40%
30%
20%
10%

0%

% Column Sums
Correct

\_¥

128 192 256 320 384 448

Input to ADC

512 576 640 704 768 832

[Andrulis, ISCA 2023]

896

960

1024

Sze and Emer
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Designing DNN Models for CiM

== alexnet

== vgglé

=8— vggl9

=d=inceptionv4

=de= inceptionresnetv2

=de= resnetl8
resnetl52

== resnextl01l 32x4d
resnextl01_64x4d

=@~ squeezenetl 0

Designing DNNs for CiM may differ from DNNs for
digital processors

[}
o

(=3}
o

Highest accuracy DNN on digital processor may be
different on CiM
=#— squeezenetl 1

— Accuracy drops based on robustness to non- & saueesenen)

idealities 0.0 01 02 03 4= mobilenetv2
Noise Std

ImageNet
Top-5 Accuracy (%)

=Y
o

]
o

o

Reducing number of weights is less desirable

Storage Element

— Since CiM is weight stationary, may be better to
reduce number of activations

— CiM tend to have larger arrays - fewer weights may
lead to low utilization on CiM

Current trend is deeper and smaller filters

«— RxSxC —

— CiM may prefer to have shallower and larger filters
Mlir  [vang, IEDM 2019] Sze and Emer




CiM Using SRAM Bit Cell

* Multiplication uses |-V
relationship of access transistor
(WL) and stored value in bit-cell

— Assumes binary weights and multi-
bit input activation

« Addition using current addition
on bit line (BL)

— Limited by nonlinearity and
sensitivity to variations

WL,

»
7
”
7
"

JBl:.f -

WLy

i

BL

WLDAC
code
T €1
Igc
1 —||:"L
Avs \_BL BLB
Ideal transfer curve
— 0.06
=
>,3' 0.04}
< .02
0 Nominal transfer curve

5 10 15 20 25 30 35
WLDAC Code

[Verma, SSCS 2019]

Sze and Emer
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CiM Using SRAM Bit Cell

« Binary multiplication (AND or
XNOR) using access transistor
(WL) and stored value in bit-cell

— Explicit capacitor to store charge

« Addition using charge sharing on
bit line (BL)

— Better linearity and matching

8T Multiplying Bit Cell (M-BC)

A1 T 1. Digital multiplication
WA — )"~ wwn2: Analog accumulation
I // BLb BL
-~ wL WL
) L i | S = VY-S
1A1,2,1 < 1 ﬁ 0
) 4 J—
o [
T r w 5L [T
° Two modes:
. o XNOR:0},,=IA,,, ®@ WS,
v o AND:O},,= 1A, x WS,
i.e., keep IA high
Pre-activation ( P IAzy.2 high)
PAn
i [Verma, SSCS 2019] Sze and Emer
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Using Charge Sharing for Addition

Capacitivechargeshéring [T Analog snippets
2= \b
N _E/—j | t;O
i T _1:’67— —F> -]—- ~c,2_
\, VS Il
Q\H'\T = C\(’Vlj"vlr) '1' QF\NAL -:_C C\Ip_——\fl> _t_
Ca (V) CoCVp—V,)
QL = Qewnvao
£z (= B8 JATHY RS o JPRORCY PRRRRE-"SERLY Poar BN eel G2 PNAL
| alm e o s j

Image Source: https://www.youtube.com/watch?v=XRQ_Xldr2nk

If C,=C,, V; =" (V;+V,), which is a scaled value of the sum (addition)

Illil- Sze and Emer
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CiM Using DRAM

Performs bit-wise operations using charge sharing

If Z=0, perform AND(X, Y)

/2 Vop/2+38
1

0

1

0

333,

AND (X=1, Y=1) = 1

Vpp/ 2 Vop/2-8 0

T |’ T | '

X { X X 1 {
r"' = rU" H gt

T | g

H_\.TL. I‘U"_'—‘ A Ny B4
gt

T |’ 0 | '—

f‘U"_I_‘ f‘u_'_l—‘ 12_ 14

t=0 t=1 t=2 @ SA

AND (X=1, Y=0) =0

[Ambit, MICRO 2017]

Sze and Emer
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CiM Using DRAM

Performs bit-wise operations using charge sharing

If Z=1, perform OR(X, Y)

Vop /2 +38

VDD

Bkl

t=1

OR (X=1,Y=1) =1

0

D

t=0

OR (X=0, Y=0) = 0

However, can perform many operations in parallel (bus width of DRAM)

Takes multiple cycles to built up to a multiplication.
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Lots of Compute In Memory Research Across the Stack

SESSION 34 February 21%, 1:30 PM
Compute-In-Memory

Session Chair e Mgl 18U T

Research Conter,
s, NY

Session Co-Chair:  Eric Wang, rsm i ity Taiwan

31 A 280m B3 23TFLOPSW POSIT-Based umnm in-Memory Macro for

1:55 PM

Session C3: Al/ML Accelerators and CiM
10:15 AM, Honolulu 3
Co-Chairs: Jaydeep Kulkarni, University of Texas at Austin VLSI 2 024
Masanao Yamaoka, Hitachi, Ltd.
10:15 AM
C3.l 122.7 TOPS/W Stdcell-Based DNN Accelerator Based on Transition Density Data
Clock-Less MAC Operation, Pseudo-Sparsity Exploitation in 40 nm, Animesh Gupta®,

M
343 A220m 64 Lighning-Like wywm Compating-in-Memory Macro with

. Cren’, Z Y, X. o g, ¥ 1o
oo, B Wi 8 (' W S, X

245PM
344 A30m 32.5TOPS/W, 55.0TOPS/mm" and 3.78Mb/mm Fully-Digital
M h

Japesh Vohra?, Viveka Konandur Rajanna?, Massimo Alioto® *National University of Singapore

A DNN whose activation magnitude is represented by digital transition density is introduced for low
energy, under the proposed Dyadic Digital Transition Modulation (DDTM). MAC operations are simplified
into transition counting, enabling 1) activation pseudo-sparsity for lower energy, 2) clock-less neuron
oneratinn via csimnle un-down asvnchronaiic cauntars. >100 TOPS/W in 40 nm <tdrell decion is on nar with

0.4 rivi — V.UV rivi

Session 4A: PIM ACCELERATORS

Location: Pacifico B (floor map)
Session Chair: Jongse Park

3:45 PM —4:00 PM

PreSto: An In-Storage Data Preprocessing System for Training Recommendation

Models
¥.Lee, H.Kim, M. Rhu

4:00PM—4:15PM

pSyncPIM: Partially Synchronous Execution of Sparse Matrix Operations for All-

bank PIM Architectures
D.Baek, . Hwang, ). Huh

415 PM~-4:30PM

Archleciresad Founy T SAAM Bit Cll - NDSearch: A ing Graph Based App Nearest Neighb
¢ Session 23: Neuromorphic Computing (NC) - Compute-in-Memory for Deep Learning Search through Near Data Processing
2:15 PM, Continental 6 Y.Wang, S.Li, Q. Zheng, L. Song, Z. i, A. Chang, H. Li, Y. Chen
Co-Chairs: Martin Frank, IBM and Duygu Kuzum, University of California San Diego
CIM Macro for
“'“‘"“""J"""“{'jff’: s This ‘session de;cribes advances ‘in compule—in-mgmury (CiM) lechnolqgies and 3D iqlegratian for deep 430 PM—4:45 PM
ez 15 learning. Such circuits hold promise for deep learning inference and training by enabling faster and more bling Efficient Large dation Model Training with Near CXL Memory

34.6 A 28am 72.12TFLOPS/W Hybrid-Domain Outer-Product Based Floating-Point

ISSCC 2024

energy-efficient neural network operations than digital CMOS. The session will be opened with a report on an
in-memory compute chip fabricated in 14 nm CMOS technology that employs a carbon-based liner underneath
the phase-change material to improve temporal stability and inference accuracy. The second paper reports on
low-temperature monolithic 3D integration of carbon nanotube FETs and resistive RAM (ReRAM) arrays to

U S PO S T Y Fe i T N SO S UV

IEDM 2024

Processing
H, Liu, L Zheng, Y. Huang, ). Zhou, C. Liu, R. Wang, X. Liao, H.}in, ). Xue

4:45PM~5:00 PM

Exploiting Similarity Opportunity of Emerging Al Models on 3D Hybrid Bonding

Architecture

ISCA 2024

| Many dedicated sessions on CiM at architecture, circuits, and devices conferences |
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CiM Research Spans Full Stack

Devices: The components forming each memory cell (e.g., SRAM, DRAM,
ReRAM, STT-RAM)

Circuits: The components performing computation, analog/digital conversion,
storage, data movement, and other actions

Architecture: The organization of components into a larger system (e.g., the
number of each component and how components are connected)

Workload: The DNN to be run, which we model as a series of extended-
Einsum operations with tensors of varying shapes and values

Mapping: The temporal and spatial scheduling of the workload onto the system

Need for modeling tool to enable apple-to-apple comparison
and design space exploration - CiMLoop (used in Lab 5)

Illil- Sze and Emer




Compute In Memory (CiM) Accelerators

Inputs Weights Outputs
A[D|G —

X [BIE[H] = [a]B]Y]
ClF]I

A B

| |
DACs 2 D ME I™

| |

G H

;\//Iemor
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The CiM Stack: Large Design Space

Workload

HH [(TT] X —

[ Architecture |

. J
-

Circuits

) (7] [
J

Devices |

‘%ﬁ@iél
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The CiM Stack: Large Design Space

Workload

*Hﬁ, Djjxm-mj

[ . Mapping |

[ Architecture |

|
[l i)
[ Circuits ) I;:I [;I
DA)(AD ]|

Devices |

‘%ﬁ@iél
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The CiM Stack: Large Design Space

Workload

B

[ . Mapping |

[(TT1 X - [[1]

[ Architecture |

HiE

64

Need for modeling tool to
| ' ! enable design space
—{ > H H exploration > CiMLoop

Circuits

) (7] [
(. J

Devices |

%J’t@ﬂél
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CiMLoop: A Flexible, Accurate, and Fast CiM Modeling Tool

Inputs
Workload
r : )
Hﬁ CiMLoop
[ Data-Distribution-Dependent ) ( Timeloop + )
Architecture Component Model Accelergy
O Data Distribution = Mappin
g Calculation @] pping K
O

Data Distributions

Circuits | I a2 N . | e UTRULS
oA ) ( o — v u System Energy,
Compo_nent Model Full-Stack Model Area,
Devices Library .~ Throughput
L L ) ]
AN

i Code available at
https://emze.csail.mit.edu/cimloop

[Andrulis, ISPASS 2024] i ISPASS Best Paper Award Szeand Emer
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CiMLoop: A Flexible, Accurate, and Fast CiM Modeling Tool

* Flexibility to represent co-design space

— Challenge: There are diverse choices at each level
— Solution: Flexible user-defined specifications

[Andrulis, ISPASS 2024] IMir Sze and Emer



128x128 Digital Bitcells

......

The Co-Design Space: Components

[ R/Winterface |

ExFIH I

Ei,

M eeeene 1

[Kim, JSSC 2021]

[Sinangil, JSSC 2021] [Shiflett, ISCA 2021] [Wan, Nature 2022] [Jia, JSSC 2020]

Library of circuit and device models
+

Plug-in interface for users to create more models

=@

@

'.;@ BT

[Wang, VLS| 2022]
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CiMLoop: A Flexible, Accurate, and Fast CiM Modeling Tool

* Flexibility to represent co-design space
— Challenge: There are diverse choices at each level
— Solution: Flexible user-defined specifications

* Accurately model energy

— Challenge: Workload values and representation affect component energy
— Solution: Models capture these cross-stack interactions (error within 8%)

Illil- Sze and Emer
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Accurately Modeling Energy: Data-Value-Dependence

1V, 1ns

3u0 1u0

Voltage? x Conductargce X Time - -

Resistance 0 Energy = 3f_’ EneTgy = 1f_’

Conductance U =

Data-value-dependence significantly impacts device and circuit energy
Prior works assume fixed energy - significant error Sze and Emer
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Accurately Modeling Energy: Data-Value-Dependence

e
What value are we processing? 13 ]
. .
e 3 -
: Many encodings possible!
How do we represent it? b1101 Unsigned, differential, XNOR, 2’s
> ; comp...
\ 4 -
Where do we map bits of this value? b11 | b01 ot
\_ H 4
= — 1V, 1ns
4 )
Calculate Energy
\_ L

Capture data-value-dependence:
What values are there? How do we represent them? Where do we map their bits? e and Emer
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CiMLoop: A Flexible, Accurate, and Fast CiM Modeling Tool

* Flexibility to represent co-design space

— Challenge: There are diverse choices at each level
— Solution: Flexible user-defined specifications

* Accurately model energy

— Challenge: Workload values and representation affect energy
— Solution: Models capture these cross-stack interactions (error within 8%)

* Fast exploration of co-design space

— Challenge: Accurate energy models may simulate many (>10'?) values

— Solution: Statistical models that are 1000x faster than prior accurate
models

Illil- Sze and Emer
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Fast and Accurate Statistical Energy Modeling

Data-Value-Independent Data-Value-Dependent Data-Distribution-Dependent
Timeloop NeuroSim CiMLoop
[Parashar, ISPASS 2019] [Peng, TCAD 2021] [Andrulis, ISPASS 2024]
Model Accuracy Low High High
Model Speed High Low High
10000 .
= G"z‘@ﬁ Data-Distribution-Dependent Data-Value-Independent
2 4000 * Same speed, 10x lower error
®
£ (capture data dependency)
: 1
< 100
() ..
Q Similar accuracy
/) >1000x faster
9 10 (use statistics)
(@)
= Data-Value-Dependent
1 d
0% 5% 10% 15% 20% 25% 30%

Average Energy Error (Relative to Data-Value-Dependent)
Illll Sze and Emer
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,.mé.. Euxsun Eﬂjf’;:rﬁ ‘ 3. ZE:
Macro E&liﬁ_ -
[Sinangil, JSSC 2021] [Wang, VLS/ 2022] [Jia, JSSC 2020]
Technology Node 7nm 22nm 65nm
ADC Type 4b Flash 8b SAR 8b SAR
Memory Device 6T SRAM 8T SRAM + Capacitor 6T SRAM

1000

Compare Designs:
Same technology, ADC,
device for all macros

‘x | — [Sinangil] —e— [Wang] via] |
— \

Energy Efficiency
(TOPS/W)

»
10

Number of Input & Weight Bits
it [Andrulis, ISPASS 2024] Sz and Emer
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Example: Design Space Exploration

2.5 —
—_— %
) 5 Accumulator Control mDAC+MAC m ADC+Accumulator
= 5
@) 7
é 1.5 3
T
N ]
1 -+
& 7
©
0.5
: I I I i
64 128 256 512 1024 64 512 1024 64 128 256 512 1024 64 512 1024
Max-Utilization Workload Large-Tensor-Size Workload Medium-Tensor-Size Workload Small-Tensor-Size Workload

CiM Array Size (N Rows x N Columns)

Explore array size (architecture) and DNN shapes (workload)

Explore in Final Project! i™  [Andrulis, ISPASS 2024] Sze and Emer



CiMLoop Enabling Collaborations Across Stack at MIT

Computing with light
[w/ Dirk Englund]

Computing in memory with programmable
resistive devices [w/ Jesus del Alamo]

IRASIR AL

Mo e a0 o s

mIlil TIIRTLLAIAINY. s T
/ : ety
1

|1 = V1#E1 Dg

Vz-'—ﬁ ‘\ —_— i

I: = V%G,

i

=0+l
= V%G, + Vx5,

Computing with superconducting electronics

Ultra-low Power Superconducting Electronics for Deep Learning

Accel Architectures: Evaluating E Effici d Scalabili .

L. (?:n?::r:%rlacfhu::,c;v:sﬁnldaen,?ta:r?er:?\?fﬁlis, vﬁv?::::s:e, J?t;laEm:: Neil [W/ Karl Be rggren a nd Neil Gershenfeld ]
Gershenfeld, Karl K. Berggren . .
Sponsorship: MIT Lincoln Laboratory, the MIT AI Hardware Program (Sta rtEd from 6.5930/1 flnal prOjECt !)

Modeling helps identify level of abstraction and facilitates communication between teams

Illil- Sze and Emer




Problem #1: I I

= EnCharge /| Technology

Traditional Digital Accelerators
(GPU, TPU, FPGA)

Bit-by-bit I

Problem #2:
Digital MAC Processor
(<5-10 TOPS/W)

of }
lots of data A

AboutUs  News& Publications  Events  Careers

Companies doing Analog CiM

In-Memory Computing (IMC)

In-memory computing greatly enhances compute efficiency and reduces data movement.

Current-based Analog IMC EnCharge Al Analog IMC
{Transistars, NVM, Spintroni CMOS Capacitors)

W+ Analog MAC

(>150 TOPS/W)
+-Array size
limited by
reduced SNR
Matrix multiply output
(compute results over
some bits simultaneously) Matrix multiply output
(compute results over
all bits simultaneously)
Research Focus areas Vv Blog Publications

Home
4 Projects

Analog Al

Making Deep Neural Network systems
more capable and energy-efficient.

Technology » Compute-in-Memory

Compute-in-Memory

Boosting memory capacity and processing speed

ﬁ

cPu cru CPU
ﬁ

cvu cPu CPU

accessed and used. These systems assume that the full memory space is too large to fit on-chip

near the processor. and that we do not know what memorv will be needed at what time. To address

76

BLOG  COMPANY
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77

Compute with Light

EcorTlginist = Menu  Weeklyedition  Q Search v

Science & technology | Information technology

Artificial intelligence and the rise
of optical computing

Photonic data-processing is well-suited to the age of deep learning

Dec 20th 2022 [ Save <. Share & Give

ODERN INFORMATION technology (17) relies on division of labour. Photons
M carry data around the world and electrons process them. But, before
optical fibres, electrons did both—and some people hope to complete the
transition by having photons process data as well as carrying them.

“Unlike electrons, photons (which are
electrically neutral) can cross each others’
paths without interacting, so glass fibres
can handle many simultaneous signals in
a way that copper wires cannot. An
optical computer could likewise do lots
of calculations at the same time. Using
photons reduces power consumption, too.
Electrical resistance generates heat,
which wastes energy. The passage of
photons through transparent media is
resistance-free.”

https://www.economist.com/science-and-

technoloqgy/2022/12/20/artificial-intelligence-and-

the-rise-of-optical-computing

Sze and Emer
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Compute with Light

Matrix Multiplication in the Optical Domain

« Cost of moving a photon can be independent of distance

» Multiplication can be performed passively

— Tik+ 1)
Copies of Tt i'\::’;g‘r’:tec:'r NL | (output)
B oI &+
£ il ®m " 1 Source
. % L] J ! (@_“m“ ] “" R
______ BS
.y [IRAE b= B = = [ TR
"""" (input) - R w }9
___ N REo E (&) B (k) E 0 ‘ fSand
Input Modes o oMo 1 fweights) N Foun ke / \—D,.
[Shen, Nature Photonics 2017] [Bernstein, CLEO 2020]
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Compute with Light

This Chip for Al Works Using Light, Not Electrons

Lightmatter says the computing and power demands of complex neural networks need new technologies like these to keep up.

“...chip runs 1.5 to 10 times faster than
a top-of-the-line Nvidia A100 Al chip,

Running a natural language model
called BERT, for example, Lightmatter
says Envise is five times faster than
the Nvidia chip; it also consumes one-

sixth of the power”

Illil- Sze and Emer
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CiMLoop for Photonics Modeling

DR§AM Legend Converter

SR P ~

oigi—-i DE i-[AE/AE ][ AE/AO Multiply* || | = > Inputs .
Gisi Tt T o o ! ——> Outputs D {Digiaistiecticl]
@ i DE/AE [{AE/AO | AO* i Af Weights ‘At {Analogitiectical
5i8 . - | S
(T igi— DE . F{AE/DE]— AE* {AC/AE] | | commencmiia | E.AQiAnalogoptica)
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Il —— | = MRR
555 reones I .
. F:\Aod:I e | : | = MzM Previous final
53 revores I _:aOS;;E projects in 6.5930
i ==|| = DE/AE involved modeling
2C  Reporte . .
0 0.5 1 1.5 2 2.5 3 3.5 4 AE/DE and Valldatlon
B Cache

Best-Case Energy (pJ/MAC)

Explore in Final PrOjeCt! Illil- [Andrulis, ISPASS 2024] Sze and Emer



Summary

Cross-layer design critical for providing additional efficiency improvements
For DNN processing using Advanced Technologies, it is important to factor in device
and circuit limitations into the architecture

Textbook Chapter 10
— https://doi.org/10.1007/978-3-031-01766-7

Other References

— Y.N. Wu, V. Sze, J. S. Emer, “An Architecture-Level Energy and Area Estimator for Processing-In-Memory
Accelerator Designs,” IEEE International Symposium on Performance Analysis of Systems and Software
(ISPASS), April 2020 [ paper PDF | code github ]

— T. Andrulis, J. Emer, V. Sze, “RAELLA: Reforming the Arithmetic for Efficient, Low-Resolution, and Low-Loss
Analog PIM: No Retraining Required!,” Intemational Symposium on Computer Architecture (ISCA), June 2023
[ PDE ]

— T. Andrulis, J. Emer, V. Sze, “CiMLoop: A Flexible, Accurate, and Fast Compute-In-Memory Modeling Tool,”
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